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From: estevart2@fsy.edu

To: John Smith

Ce: biohnso2@umd.edu; biohnson@crim.umd.edu; Daniel Mears; Patricia Warren-Hightower; cresean@udel.edu; aamio@txstate.edu; epbaumer@psu.edu;
moaaig@ilstu.edu; Marc Gertz; jickett@albany.edu; r.martinez@northeastem.edu

Subject: Re: Data Irregularities and request for data

Date: Saturday, May 18, 2019 5:53:35 Pi

Hello Mr. Smith:

Thank you for bringing these concerns to our attention. We will investigate them. And if there in fact are problems, we
will address them.

Eric Stewart

On May 5, 2019, at 5:55 PM, John Smith <safe > wrole:

Dear Professors Johnson, Mears, and Stewart (and copied coauthors),

There seem to be irregularities in the data and findings in five articles that you published together
with two surveys. This document outlines those irregularities. | am requesting the data and analysis
code, or at least the R/ISAS/Stata/SPSS output from your analysis, so that | can attempt to identify
the source of these errors. The first survey was conducted in 2008 and the second in 2013. The
five articles, grouped according to survey, follow. After acceptance and online publication, but
before print publication, Mears et al. (2019, p. 487) changed all of the tables in their paper because
of a “coding error.” The changes removed the standard deviations (fixing the mean-SD
discrepancies), added variability to the standard errors, and placed zeros in the third decimal
places of coeﬁ" cients and standard errors. ,!ie_qaug_thgj_aﬂmnlmg_ﬁmt_y_emgnmhm_amgl_eﬁ

o Johnson, Brian D., Eric A. Stewart, Justin Pickett, and Marc Gertz. (2011) Ethnic threat
and social control: Examining public support for judicial use of ethnicity in punishment.
Criminology, 49(2), 401-441.

o Stewart, Eric A., Ramiro Martinez, Jr., Eric P. Baumer, and Marc Gertz. (2015) The social
context of latino threat and punitive Latino sentiment. Social Problems, 62(1), 69-92.

o Mears, Daniel P., Eric A. Stewart, Patricia Y. Warren, Miltonette O. Craig, and Ashley N.

Arnio. (2019) A legacy of lynchings: Perceived black criminal threat among whites. Law &
Society Review, 53(2), 487-517.

o Stewart, Eric A., Brian D. Johnson, Patricia Y. Warren, Jordyn L. Rosario, and Cresean
Hughes. (2019) The social context of criminal threat, victim race, and punitive black and
latino sentiment. Social Problems, 66(2), 194-221.

o Stewart, Eric A., Daniel P. Mears, Patricia Y. Warren, Eric P. Baumer, and Ashley N.

Arnio. (2018) Lynchings, racial threat, and whites' punitive views toward blacks. Criminology,
56(3), 455-480.

1) 2 lies in standard fficient ims]

In Stewart et al. (2018), tables 2-4 include regression results. The standard errors are
identical to the third decimal place across models. The web links are to pictures of the tables.
Stable standard errors are in yellow. Some stability in standard errors is normal, especially with a
sample of this size, but this level of stability is unusual given the observed changes both in the

regression coefficients and in the amount of explained variance. Combined there are 548



regression coefficients and standard errors in these three tables, but just one ends with a zero in
the third decimal place. This is unusual because the distribution of third-decimal-place numbers

(with rounding) should be close to uniform.
https:/imgur.com/pcdBSXE
https://imgur.com/nER7IQ
hitos:i DDs2

The standard errors are also identical across models in Stewarl et al. (2019). The following
web links are to the tables. Stable standard errors are in yellow. None of the 348 regression
coefficients and standard errors in these two tables end with a zero in the third decimal place, even

though the distribution of third-decimal-place numbers (with rounding) should be nearly uniform.
i I87DBi
bitps://imgur.com/Vwbc50D

The same pattern occurred in tables 2-4 of the online-first version of Mears et al. (2019). The
standard errors for the variables were identical to the third decimal place across the models. The
following web links are to pictures of those tables, which were all changed between online

publication and print publication. Stable standard errors are in yellow.
https://imgur.com/bJbzih1
hitps://imgur.com/41URIGr

The standard errors are also stable (to the third decimal place) across models in table 2 of Stewart

etal.'s (2015) Social Problems article. The web link below is to the table. Stable standard errors

are in yellow.
hitps://imgur.com/Is98UP5

The same kind of standard-error stability occurs in Johnson et al.’s (2011) table 2. The web links

below are to pictures of the table, which has two panels. Stable standard errors are in yellow.

\

hitps:/imgur.com/IryIT8Y
httos:Ji 513112

The distribution of p-values in these articles is also unusual. Across the five articles, there are 791



p-values, but not a single one falls between .045 and .105. This is highly unlikely because p-values
are uniformly distributed under the null hypothesis, so one would expect numerous p-values in this
range due to chance. For example, in the next six-point range, from .105 to .165, there are 35 p-
values. In the six-point range after that, from .165 to .225, there are 19 p-values. And in the six-

point range after that, from .225 to .285, there are 27 p-values. Actually, none of the other six-point

ranges above .045 is empty, except the .045 to .105 range. This web link is to a figure that shows
this.

For binary variables, it is possible to calculate the standard deviation knowing the sample
size (N) and variable mean (P), the proportion of respondents coded 1. The formula is: SD = sqrt
{[P*(1 = P)*N]/ N —1}. In both Stewart et al. (2018) and the online-first version of Mears et al.
(2019), the standard deviations for four of the binary variables are wildly inaccurate, too inaccurate
to be due to rounding. Mears et al. (2019) changed this table before print publication. The web links
are to the Stewart et al. (2018) and original Mears et al. (2019) tables with the errors highlighted.
Given the listed means and sample size, the correct standard deviations are: married (.499),

education (.497), political conservative (.495), owns home (.463).
bitps:/limgur.com/tOzyqDF
hitps://imgur.com/5IS6vc
In Stewart et al. (2019), the standard deviations are wrong for nine binary variables. The web link is
to the table with the errors highlighted. Given the listed means and sample size, the correct

standard deviations are: married (.50), education level (.50), political conservative (.50), owns

home (.46), Southwest (.40), Northeast (.33), Midwest (.38), West (.36), and South (.50).
https://imgur.com/9dUcMUs

In Stewart et al. (2015), the standard deviations are wrong for six binary variables. The web link is
to the table with the errors highlighted. Given the listed means and sample size, the correct
standard deviations are: married (.49), education level (.49), political conservative (.50), owns

home (.41), Southwest (.38), and South (.50).

— ShYo61i

The Johnson et al. (2011) article includes nine binary variables where the means and standard
deviations do not match. The web link below is to the respective table with the errors highlighted.

Given the listed means and sample size, the correct standard deviations are: white (.35), black



(.30), Hispanic (.20), married (.49), education level (.49), political conservative (.50), owns home

(.41), Southwest (.38), and South (.50).

hitps:/limgur.com/8yxseEK
3) Identical d inti tatisti liff [ I

Johnson et al. (2011:411) use a mixed-race sample in their analysis, whereas Stewart et al.
(2015: 76) use a sample of non-Hispanic whites. Although these two samples have different racial
compositions, they have identical means and standard deviations (to the decimal places) on twenty
of the variables. It is unlikely that this is the result of the authors accidently including the wrong
table in one of the papers, because the samples do differ on several variables (e.g., county ethnic
and racial composition and concentrated disadvantage). The web link is to the tables. Matching '

descriptive statistics are in yellow. Sample racial characteristics, which are only in Johnson et al.

(2011), are in red.

https:/imgur.com/IbkV02U
4) Identical d inti tatisti I f dif. {si
Stewart et al. (2018) use a sample of 1,144 Southern whites in 90 counties. Stewart et al.
(2019) use a sample of 2,408 Whites in 168 counties. Despite the large difference in sample size,
these two samples have identical means and/or standard deviations on ten variables. It is unlikely
that this is the result of the authors accidently including the wrong table in one of the papers,
because the samples do differ on several variables (e.g., family income, political conservatism).

The following web link is to the tables. Matching descriptive statistics are in yellow. Sample size

differences are in red.

hitps://imgur.com/pW9YveX
5) U Let . le si i
Johnson et al. (2011) use data from a survey conducted by a polling firm called the
"Research Network" in 2008. The same data are used in Stewart et al. (2015). Although the survey
was conducted in 2008, the total sample size grew from N = 1,184 in Johnson et al. (2011) to N =
1,379 in Stewart et al (2015). Yet, the survey particulars remained unchanged (e.g., 54.8%

response rate). And many of the descriptive statistics stayed the same (e.g., in both samples, the

mean age is 47.12 and mean family income is $62,700).

6)1 ¢ statisti | distributi

In the Social Problems article by Stewart et al. (2015, p. 76), the authors wrote: “The
breakdown for annual household income was as follows: about 25 percent of the sample reported



earning less than $50,000; around 14 percent of the respondents earned between $50,000 and
$75,000; 9 percent of participants earned between $75,000 and $100,000; and about 12 percent of
the sample reported earning more than $100,000. The median family income in the sample is
$40.900, with a mean of $62,700." There are two problems with this. First, the percentages do not
add up to 100% (25% + 14% + 9% + 12% = 60%). Second, the median income cannot be $40,900
if only 25% of the sample earned less than $50,000. By definition, the median is the 50% mark.
htips://imgur.com/Degol Vi

In Johnson et al. (2011, p. 412), the authors wrote: "The breakdown for annual household
income was as follows: Approximately, 52.4 percent of the sample reported earning less than
$50.000; approximately 21.7 percent of the respondents earned between $50,000 and $75,000;
13.9 percent of the participants earned between $75,000 and $100,000; and approximately 12.0
percent of the sample reported earning more than $100,000. The median family income in the
sample is $40,900, with a mean of $62,700." If 52.4% of respondents had family incomes under
$50,000 and the median family income was $40,900, then only 2.4% of respondents had a family
income between $40,900 and $50,000. This is very unlikely, given the high prevalence of family
incomes in this income bracket in the US population. Furthermore, given the large differences in
income distributions between this paper and the 2015 Social Problems article (52.4% under $50K

vs. 25% under $50K), it is odd that both samples have the same median ($40,900) and mean
($62,700) family incomes.

https:/fimgur.com/7mE8IzD

In Stewart et al. (2018, p. 471), the authors provide the only exact p-values in the study for
supplementary analyses: “We thus estimated models consistent with those in tables 2 and 3 but
focused instead on the Black respondents (n = 200). Black lynchings did not yield a statistically
significant effect on punitive-Black sentiment (b = .065, standard error [SE] =.063, p = ,35) or the
Black-White punitive sentiment ratio (b = .059, SE = ,058, p =,39). But the provided p-values do
not match the provided coefficients and standard errors. The values should instead be: p = .30 and

p=.31.
hitps:/limgur.com/X65TQkQ
7) Unlikel ——— § i st

In Johnson et al. (2011, p. 411-413) and Stewart et al. (2015, p.76) the authors wrote that
the Research Network administered the 2008 survey using “a two-stage modified Mitofsky—
Waksberg sampling design” to randomly sample “American households with either landlines or
cellular Phones.” This yielded a high degree of clustering, with more than ten respondents in each



county, on average. But Mitofsky—-Waksberg sampling is rarely used for cell phones. Additionally, in
neither study do the authors discuss how they handled errors in matching wireless numbers to
counties. According to a Pew Report by Christian et al. (2009): “The geographic information
derived from cell phone numbers is subject to a great deal of error ... the sample and zip code-

derived county do not match for nearly four-in-ten cell respondents (39%)."

The 2013 survey also used “a two-stage modified Mitofsky—Waksberg sampling design” to
randomly sample "households with landlines or cell phones” (Stewart et al., 2018, p. 460). Although
2013 and 2008 surveys have identical designs, both unusual, it does not appear that the Research
Network administered the 2013 survey. The Research Nelwork is not mentioned in any of the three
articles that use the 2013 data.

The differences between the 2013 sample characteristics and the US population are also
difficult to reconcile with the use of random sampling for a sample this large. The total sample
includes 2,736 Americans, of whom 2,408 are “non-Latino White respondents (N = 2,408)" (Stewart
et al., 2018, p. 461). This means 88% of respondents are non-Latino Whites. According to the US
Census, however, only 60.7% of Americans are non-Latino Whites. A random sample of this size
should not be 27 percentage points off the population value. Stewart et al. (2018, p. 461) write that
the “southern sample [of Whites] in our analysis consists of 1,441 respondents who resided in 90
counties across these 11 states.” This means that 60% of all whites in the sample (1,441/2,408)
lived in 11 southern states. This is odd, because in their Social Problems article, Stewart et al.

(2019) give a different percentage:
https://imgur.com/tP8EWhk

It is also improbable because, according to the US Census, only 37.5% of all Americans
lived in the South in 2013. Moreover, the percentage of White Americans living in the South was
even lower, because the South is the second most racially diverse region. In a large nationally
representative survey, one would expect about 30-35% of White respondents to live in the South,

not 55-60%. A large random sample should not be off by over 20 percentage points.

None of the articles using the 2013 survey list a funding agency or grant number, which is

surprising, because a nationally representative, dual-frame, telephone survey of 2,736 Americans

would cost well over $100,000.




Respecifully,
John Smith
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From: Pickett, Justin

To: Diana Key

Subject: Fw: Files and Concerns

Date: Monday, June 10, 2019 8:40:30 AM
Attachments: iustin_voting_data.xls

Voting - Data.xls
Case_comparison.xls

2009 Ethnic Threat Paper Final.ppt
Ethnic Threat Paper 10-10-09.doc

From: Pickett, Justin

Sent: Thursday, June 6, 2019 4:24 PM

To: bjohnso2@umd.edu; Eric Stewart; Gertz, Marc
Subject: Files and Concerns

Brian, Eric and Marc,

| have spent the day going back through all of my records for our 2011 Criminology article. |
located files and emails that, without additional data, | have difficulty attributing to any benign
explanation.

Here is the background: the data for our 2011 paper were collected in early 2008, and the
paper was written in 2009. In fall 2009, after the analysis was finished and the paper was
written, we sent it out for feedback from colleagues.

was a graduate student at the time.
ric sent me (jJustin_voting_data.xls), as well as the data | sent back (\VVoting —
Data.xls). Three things concern me.

. Eric sent me this data in December
same month we sent the manuscript to Criminology.

| initially thought this must be the wrong data, even though Eric sent it to me for our paper.



mailto:jpickett@albany.edu
mailto:dkey@fsu.edu

justin_voting_data

		case		city		cbsa_tit		county_n		city_ali		Full_FIPS		Republican

		34.00		SILVER SPRING		WASHINGTON-ARLINGTON-ALEXANDRIA, DC-VA-MD-WV METROPOLITAN STATISTICAL AREA		MONTGOMERY		SILVER SPRING

		37.00		LOS ANGELES		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		FOY

		46.00		SPOKANE		SPOKANE, WA METROPOLITAN STATISTICAL AREA		SPOKANE		SHADLE GARLAND

		63.00		FAYETTEVILLE		FAYETTEVILLE, NC METROPOLITAN STATISTICAL AREA		CUMBERLAND		FAYETTEVILLE

		84.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		HOUSTON

		121.00		DE PERE		GREEN BAY, WI METROPOLITAN STATISTICAL AREA		BROWN		DE PERE

		125.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		DAVIE

		219.00		LEECHBURG		PITTSBURGH, PA METROPOLITAN STATISTICAL AREA		ARMSTRONG		WEST LEECHBURG

		271.00		CHESTERFIELD		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS		WILDWOOD

		289.00		TORONTO		WEIRTON-STEUBENVILLE, WV-OH METROPOLITAN STATISTICAL AREA		JEFFERSON		TORONTO

		310.00		JOPLIN		JOPLIN, MO METROPOLITAN STATISTICAL AREA		JASPER		CENTRAL CITY

		337.00		RISING SUN		CINCINNATI-MIDDLETOWN, OH-KY-IN METROPOLITAN STATISTICAL AREA		OHIO		RISING SUN

		348.00		DEPEW		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE		LANCASTER

		395.00		WIGGINS		FORT MORGAN, CO MICROPOLITAN STATISTICAL AREA		MORGAN		HOYT

		459.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		WASHINGTON		SAINT PAUL

		462.00		TACOMA		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		PIERCE		FORT LEWIS

		471.00		AURORA		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		ARAPAHOE		AURORA

		488.00		RICHMOND		RICHMOND, VA METROPOLITAN STATISTICAL AREA		RICHMOND CITY		FOREST HILL

		534.00		SILVER SPRING		WASHINGTON-ARLINGTON-ALEXANDRIA, DC-VA-MD-WV METROPOLITAN STATISTICAL AREA		MONTGOMERY		SILVER SPRING

		537.00		LOS ANGELES		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		FOY

		546.00		SPOKANE		SPOKANE, WA METROPOLITAN STATISTICAL AREA		SPOKANE		SHADLE GARLAND

		563.00		FAYETTEVILLE		FAYETTEVILLE, NC METROPOLITAN STATISTICAL AREA		CUMBERLAND		FAYETTEVILLE

		584.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		HOUSTON

		621.00		DE PERE		GREEN BAY, WI METROPOLITAN STATISTICAL AREA		BROWN		DE PERE

		625.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		DAVIE

		661.00		HARVARD		WORCESTER, MA METROPOLITAN STATISTICAL AREA		WORCESTER		HARVARD

		662.00		ARVADA		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		JEFFERSON		ARVADA

		663.00		NEW SMYRNA BEACH		DELTONA-DAYTONA BEACH-ORMOND BEACH, FL METROPOLITAN STATISTICAL AREA		VOLUSIA		NEW SMYRNA

		664.00		LOUISVILLE		LOUISVILLE, KY-IN METROPOLITAN STATISTICAL AREA		JEFFERSON		FERN CREEK

		665.00		FOREST HILLS		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		QUEENS		FLUSHING

		666.00		COLLEGE STATION		COLLEGE STATION-BRYAN, TX METROPOLITAN STATISTICAL AREA		BRAZOS		COLLEGE STATION

		667.00		FAR ROCKAWAY		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		QUEENS		FAR ROCKAWAY

		668.00		TUCSON		TUCSON, AZ METROPOLITAN STATISTICAL AREA		PIMA		TUCSON

		669.00		ALBUQUERQUE		ALBUQUERQUE, NM METROPOLITAN STATISTICAL AREA		BERNALILLO		ALBUQUERQUE

		670.00		BOZEMAN		BOZEMAN, MT MICROPOLITAN STATISTICAL AREA		GALLATIN		BOZEMAN

		671.00		GARDENDALE		ODESSA, TX METROPOLITAN STATISTICAL AREA		ECTOR		GARDENDALE

		672.00		MEEKER				RIO BLANCO		AXEL

		673.00		AMERICAN FORK		PROVO-OREM, UT METROPOLITAN STATISTICAL AREA		UTAH		AM FORK

		674.00		MC CORDSVILLE		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		HANCOCK		MC CORDSVILLE

		675.00		ROSLYN HEIGHTS		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		NASSAU		E HILLS

		676.00		COLUMBUS		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN		GRANDVIEW

		677.00		SUNNYVALE		SAN JOSE-SUNNYVALE-SANTA CLARA, CA METROPOLITAN STATISTICAL AREA		SANTA CLARA		SUNNYVALE

		678.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		HOUSTON

		679.00		ALPHARETTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		FULTON		ALPHARETTA

		680.00		FAIRFIELD		VALLEJO-FAIRFIELD, CA METROPOLITAN STATISTICAL AREA		SOLANO		FAIRFIELD

		681.00		VAIL		EDWARDS, CO MICROPOLITAN STATISTICAL AREA		EAGLE		EAST VAIL

		682.00		SCOTRUN		EAST STROUDSBURG, PA MICROPOLITAN STATISTICAL AREA		MONROE		SCOTRUN

		683.00		SPRINGFIELD		BATON ROUGE, LA METROPOLITAN STATISTICAL AREA		LIVINGSTON		HEAD OF ISLAND

		684.00		HEALDSBURG		SANTA ROSA-PETALUMA, CA METROPOLITAN STATISTICAL AREA		SONOMA		HEALDSBURG

		685.00		OLDFIELD		SPRINGFIELD, MO METROPOLITAN STATISTICAL AREA		CHRISTIAN		OLDFIELD

		686.00		WAKE FOREST		RALEIGH-CARY, NC METROPOLITAN STATISTICAL AREA		WAKE		WAKE FOREST

		687.00		QUITMAN				WOOD		OAK GROVE

		688.00		HASTINGS		JACKSONVILLE, FL METROPOLITAN STATISTICAL AREA		SAINT JOHNS		HASTINGS

		689.00		ARLINGTON		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		ARLINGTON

		690.00		LEWISTON		LEWISTON, ID-WA METROPOLITAN STATISTICAL AREA		NEZ PERCE		LEWISTON

		691.00		HILLSBORO		DECATUR, AL METROPOLITAN STATISTICAL AREA		LAWRENCE		HILLSBORO

		692.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		RAMSEY		SAINT PAUL

		693.00		DALLAS		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		DALLAS		DALLAS

		694.00		SCRANTON		SCRANTON--WILKES-BARRE, PA METROPOLITAN STATISTICAL AREA		LACKAWANNA		SCRANTON

		695.00		GARDEN CITY		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		NASSAU		GARDEN CITY

		696.00		BROOKLYN		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		KINGS		BROOKLYN

		697.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		HOLLYWOOD

		698.00		DEERFIELD		MADISON, WI METROPOLITAN STATISTICAL AREA		DANE		DEERFIELD

		699.00		INDIANAPOLIS		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		MARION		DREXEL GARDENS

		700.00		SPRINGFIELD		SPRINGFIELD, MO METROPOLITAN STATISTICAL AREA		GREENE		SPRINGFIELD

		701.00		MECHANICSBURG		HARRISBURG-CARLISLE, PA METROPOLITAN STATISTICAL AREA		CUMBERLAND		NAVY SHIPS

		702.00		CINCINNATI		CINCINNATI-MIDDLETOWN, OH-KY-IN METROPOLITAN STATISTICAL AREA		HAMILTON		CINCINNATI

		703.00		INDIANAPOLIS		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		MARION		INDIANAPOLIS

		704.00		HASTINGS		HASTINGS, NE MICROPOLITAN STATISTICAL AREA		ADAMS		SPENCER PARK

		705.00		BAKERSFIELD		BAKERSFIELD, CA METROPOLITAN STATISTICAL AREA		KERN		BAKERSFIELD

		706.00		CROSS PLAINS		NASHVILLE-DAVIDSON--MURFREESBORO, TN METROPOLITAN STATISTICAL AREA		ROBERTSON		CROSS PLAINS

		707.00		MESA		PHOENIX-MESA-SCOTTSDALE, AZ METROPOLITAN STATISTICAL AREA		MARICOPA		MESA

		708.00		SMITHS GROVE		BOWLING GREEN, KY METROPOLITAN STATISTICAL AREA		WARREN		SMITHS GROVE

		709.00		MONTELLO				MARQUETTE		MONTELLO

		710.00		CARMICHAEL		SACRAMENTO--ARDEN-ARCADE--ROSEVILLE, CA METROPOLITAN STATISTICAL AREA		SACRAMENTO		CARMICHAEL

		711.00		LEES SUMMIT		KANSAS CITY, MO-KS METROPOLITAN STATISTICAL AREA		JACKSON		UNITY VILLAGE

		712.00		JOPPA		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		HARFORD		JOPPA

		713.00		SPRING		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		RAYFORD

		714.00		WINTER HAVEN		LAKELAND-WINTER HAVEN, FL METROPOLITAN STATISTICAL AREA		POLK		FLORENCE VILLA

		715.00		BILOXI		GULFPORT-BILOXI, MS METROPOLITAN STATISTICAL AREA		HARRISON		BILOXI

		716.00		SILSBEE		BEAUMONT-PORT ARTHUR, TX METROPOLITAN STATISTICAL AREA		HARDIN		SILSBEE

		717.00		STERLING HEIGHTS		DETROIT-WARREN-LIVONIA, MI METROPOLITAN STATISTICAL AREA		MACOMB		STERLING HEIGHTS

		718.00		MILFORD		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		ELLIS		IVERSON

		719.00		LEECHBURG		PITTSBURGH, PA METROPOLITAN STATISTICAL AREA		ARMSTRONG		WEST LEECHBURG

		720.00		WINTER HAVEN		LAKELAND-WINTER HAVEN, FL METROPOLITAN STATISTICAL AREA		POLK		WINTER HAVEN

		721.00		KINTNERSVILLE		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		BUCKS		KINTNERSVILLE

		722.00		MARION				MCDOWELL		MARION

		723.00		BLOOMFIELD HILLS		DETROIT-WARREN-LIVONIA, MI METROPOLITAN STATISTICAL AREA		OAKLAND		BLOOMFIELD HILLS

		724.00		NAPLES		NAPLES-MARCO ISLAND, FL METROPOLITAN STATISTICAL AREA		COLLIER		NAPLES

		725.00		KENNEBUNKPORT		PORTLAND-SOUTH PORTLAND, ME METROPOLITAN STATISTICAL AREA		YORK		KENNEBUNKPORT

		726.00		GETZVILLE		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE		AMHERST

		727.00		BROCKTON		BOSTON-CAMBRIDGE-QUINCY, MA-NH METROPOLITAN STATISTICAL AREA		PLYMOUTH		BROCKTON

		728.00		ELLENTON		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		MANATEE		ELLENTON

		729.00		ISABAN				MCDOWELL		ISABAN

		730.00		EAST SETAUKET		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		SUFFOLK		E SETAUKET

		731.00		OMAHA		OMAHA-COUNCIL BLUFFS, NE-IA METROPOLITAN STATISTICAL AREA		DOUGLAS		OMAHA

		732.00		SOUTHBURY		NEW HAVEN-MILFORD, CT METROPOLITAN STATISTICAL AREA		NEW HAVEN		SOUTHBURY

		733.00		COLUMBUS		COLUMBUS, MS MICROPOLITAN STATISTICAL AREA		LOWNDES		COLUMBUS

		734.00		SMYRNA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		COBB		SMYRNA

		735.00		GREEN BAY		GREEN BAY, WI METROPOLITAN STATISTICAL AREA		BROWN		BELLEVUE

		736.00		RIVERSIDE		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		RIVERSIDE		LA SIERRA

		737.00		SUGAR LAND		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		FORT BEND		SUGAR LAND

		738.00		WAYNESBURG				GREENE		WAYNESBURG

		739.00		LEXINGTON PARK		LEXINGTON PARK, MD MICROPOLITAN STATISTICAL AREA		SAINT MARYS		LEX PK

		740.00		HIDALGO				JASPER		HIDALGO

		741.00		CHAPEL HILL		DURHAM, NC METROPOLITAN STATISTICAL AREA		ORANGE		CHAPEL HILL

		742.00		BUFFALO		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE		BUFFALO

		743.00		COLUMBIA		COLUMBIA, SC METROPOLITAN STATISTICAL AREA		RICHLAND		BLUFF ESTATES

		744.00		GRANDVIEW		KANSAS CITY, MO-KS METROPOLITAN STATISTICAL AREA		JACKSON		GRANDVIEW

		745.00		BURLINGTON		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		BURLINGTON		BURLINGTON

		746.00		SOMERSET		SOMERSET, KY MICROPOLITAN STATISTICAL AREA		PULASKI		STAB

		747.00		HOPE				STEELE		COLGATE

		748.00		TOWNSEND		BOSTON-CAMBRIDGE-QUINCY, MA-NH METROPOLITAN STATISTICAL AREA		MIDDLESEX		TOWNSEND

		749.00		MANTECA		STOCKTON, CA METROPOLITAN STATISTICAL AREA		SAN JOAQUIN		MANTECA

		750.00		ESPERANCE		AMSTERDAM, NY MICROPOLITAN STATISTICAL AREA		MONTGOMERY		BURTONSVILLE

		751.00		BROKEN ARROW		TULSA, OK METROPOLITAN STATISTICAL AREA		TULSA		BROKEN ARROW

		752.00		MISSOULA		MISSOULA, MT METROPOLITAN STATISTICAL AREA		MISSOULA		MISSOULA

		753.00		SPRINGVILLE		PROVO-OREM, UT METROPOLITAN STATISTICAL AREA		UTAH		SPRINGVILLE

		754.00		LAKELAND		LAKELAND-WINTER HAVEN, FL METROPOLITAN STATISTICAL AREA		POLK		LAKELAND

		755.00		PELHAM		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY		INDIAN SPRINGS

		756.00		STANWOOD		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		SNOHOMISH		CAMANO CITY

		757.00		SALINAS		SALINAS, CA METROPOLITAN STATISTICAL AREA		MONTEREY		SALINAS

		758.00		GREELEY		GREELEY, CO METROPOLITAN STATISTICAL AREA		WELD		GREELEY

		759.00		STANTONSBURG		WILSON, NC MICROPOLITAN STATISTICAL AREA		WILSON		STANTONSBURG

		760.00		JONESBOROUGH		JOHNSON CITY, TN METROPOLITAN STATISTICAL AREA		WASHINGTON		JONESBORO

		761.00		HURST		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		HURST

		762.00		WATERLOO		WATERLOO-CEDAR FALLS, IA METROPOLITAN STATISTICAL AREA		BLACK HAWK		WATERLOO

		763.00		SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS CITY		SAINT LOUIS

		764.00		GLENSIDE		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		MONTGOMERY		NORTH HILLS

		765.00		CARSON CITY		CARSON CITY, NV METROPOLITAN STATISTICAL AREA		CARSON CITY		CARSON CITY

		766.00		POLK CITY		DES MOINES, IA METROPOLITAN STATISTICAL AREA		POLK		CROCKER

		767.00		GRAND JUNCTION		GRAND JUNCTION, CO METROPOLITAN STATISTICAL AREA		MESA		GRAND JCT

		768.00		BIRMINGHAM		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY		BIRMINGHAM

		769.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		RAMSEY		SAINT PAUL

		770.00		CROWN POINT		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		LAKE		CROWN POINT

		771.00		CHESTERFIELD		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS		WILDWOOD

		772.00		PUYALLUP		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		PIERCE		PUYALLUP

		773.00		COLUMBUS		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN		COLUMBUS

		774.00		WAYNE		DETROIT-WARREN-LIVONIA, MI METROPOLITAN STATISTICAL AREA		WAYNE		CANTON

		775.00		WENATCHEE		WENATCHEE, WA METROPOLITAN STATISTICAL AREA		CHELAN		APPLEYARD

		776.00		BLUE RIVER				FLOYD		BLUE RIVER

		777.00		SOUTHBURY		NEW HAVEN-MILFORD, CT METROPOLITAN STATISTICAL AREA		NEW HAVEN		SOUTHBURY

		778.00		BOVEY				ITASCA		BORAY

		779.00		WAITE PARK		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS		SAINT CLOUD

		780.00		HARRISONBURG		HARRISONBURG, VA METROPOLITAN STATISTICAL AREA		HARRISONBURG CITY		HARRISBURG

		781.00		WORCESTER		WORCESTER, MA METROPOLITAN STATISTICAL AREA		WORCESTER		WORCESTER

		782.00		TOCCOA		TOCCOA, GA MICROPOLITAN STATISTICAL AREA		STEPHENS		TOCCOA

		783.00		RANCHO CUCAMONGA		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		SAN BERNARDINO		RANCHO CUCAMONGA

		784.00		RICEVILLE		ATHENS, TN MICROPOLITAN STATISTICAL AREA		MCMINN		RICEVILLE

		785.00		WICHITA FALLS		WICHITA FALLS, TX METROPOLITAN STATISTICAL AREA		WICHITA		WICHITA FALLS

		786.00		LITITZ		LANCASTER, PA METROPOLITAN STATISTICAL AREA		LANCASTER		POPLAR GROVE

		787.00		NAPLES		NAPLES-MARCO ISLAND, FL METROPOLITAN STATISTICAL AREA		COLLIER		NAPLES

		788.00		NICEVILLE		FORT WALTON BEACH-CRESTVIEW-DESTIN, FL METROPOLITAN STATISTICAL AREA		OKALOOSA		NICEVILLE

		789.00		TORONTO		WEIRTON-STEUBENVILLE, WV-OH METROPOLITAN STATISTICAL AREA		JEFFERSON		TORONTO

		790.00		BRONX		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		BRONX		BRONX

		791.00		NEW CASTLE		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		NEW CASTLE		MANOR

		792.00		ROMULUS		SENECA FALLS, NY MICROPOLITAN STATISTICAL AREA		SENECA		MAC DOUGALL

		793.00		HOUSTON		PITTSBURGH, PA METROPOLITAN STATISTICAL AREA		WASHINGTON		HOUSTON

		794.00		FOND DU LAC		FOND DU LAC, WI METROPOLITAN STATISTICAL AREA		FOND DU LAC		NORTH FOND DU LAC

		795.00		ORANGE		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		ESSEX		ORANGE

		796.00		WILDWOOD		OCEAN CITY, NJ METROPOLITAN STATISTICAL AREA		CAPE MAY		N WILDWOOD

		797.00		SAN ANTONIO		SAN ANTONIO, TX METROPOLITAN STATISTICAL AREA		BEXAR		SAN ANTONIO

		798.00		CONCORD		CHARLOTTE-GASTONIA-CONCORD, NC-SC METROPOLITAN STATISTICAL AREA		CABARRUS		CONCORD

		799.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		RAMSEY		SAINT PAUL

		800.00		INDEPENDENCE		KANSAS CITY, MO-KS METROPOLITAN STATISTICAL AREA		JACKSON		INDEPENDENCE

		801.00		FORT WORTH		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		FORT WORTH

		802.00		SANDY		SALT LAKE CITY, UT METROPOLITAN STATISTICAL AREA		SALT LAKE		SANDY

		803.00		PINELLAS PARK		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		PINELLAS		PINELLAS PARK

		804.00		BOONEVILLE				PRENTISS		ALTITUDE

		805.00		WARREN		DETROIT-WARREN-LIVONIA, MI METROPOLITAN STATISTICAL AREA		MACOMB		WARREN

		806.00		GLEN BURNIE		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		ANNE ARUNDEL		GLEN BURNIE

		807.00		MILNER		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		LAMAR		MILNER

		808.00		HELENA		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY		HELENA

		809.00		HOOPER		OGDEN-CLEARFIELD, UT METROPOLITAN STATISTICAL AREA		WEBER		HOOPER

		810.00		JOPLIN		JOPLIN, MO METROPOLITAN STATISTICAL AREA		JASPER		CENTRAL CITY

		811.00		HYRUM		LOGAN, UT-ID METROPOLITAN STATISTICAL AREA		CACHE		HYRUM

		812.00		BATON ROUGE		BATON ROUGE, LA METROPOLITAN STATISTICAL AREA		EAST BATON ROUGE		BATON ROUGE

		813.00		ONTARIO		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		SAN BERNARDINO		ONTARIO

		814.00		CHICAGO		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK		CHICAGO

		815.00		KLAMATH FALLS		KLAMATH FALLS, OR MICROPOLITAN STATISTICAL AREA		KLAMATH		KINGSLEY FIELD

		816.00		WESTON		LOGAN, UT-ID METROPOLITAN STATISTICAL AREA		FRANKLIN		LINROSE

		817.00		CASPER		CASPER, WY METROPOLITAN STATISTICAL AREA		NATRONA		ALLENDALE

		818.00		BAYTOWN		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		BAYTOWN

		819.00		WAYNESBORO		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		BURKE		MUNNERLYN

		820.00		NORFOLK		VIRGINIA BEACH-NORFOLK-NEWPORT NEWS, VA-NC METROPOLITAN STATISTICAL AREA		NORFOLK CITY		NORFOLK

		821.00		MEMPHIS		MEMPHIS, TN-MS-AR METROPOLITAN STATISTICAL AREA		SHELBY		BARTLETT

		822.00		SPOKANE		SPOKANE, WA METROPOLITAN STATISTICAL AREA		SPOKANE		SPOKANE

		823.00		BURLINGTON		MOUNT VERNON-ANACORTES, WA METROPOLITAN STATISTICAL AREA		SKAGIT		ALGER

		824.00		BAYTOWN		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		BAYWAY

		825.00		MANITOWOC		MANITOWOC, WI MICROPOLITAN STATISTICAL AREA		MANITOWOC		MANITOWOC

		826.00		ARLINGTON		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		ARLINGTON

		827.00		MIAMI		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		MIAMI-DADE		BISCAYNE PARK

		828.00		BETHLEHEM		TORRINGTON, CT MICROPOLITAN STATISTICAL AREA		LITCHFIELD		BETHLEHEM

		829.00		JOPLIN		JOPLIN, MO METROPOLITAN STATISTICAL AREA		JASPER		JOPLIN

		830.00		SPRING		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		SPRING

		831.00		NAUGATUCK		NEW HAVEN-MILFORD, CT METROPOLITAN STATISTICAL AREA		NEW HAVEN		NAUGATUCK

		832.00		GLENOLDEN		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		DELAWARE		BRIARCLIFF

		833.00		BRADENTON		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		MANATEE		BRADEN RIVER

		834.00		AIKEN		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		AIKEN		AIKEN

		835.00		PENSACOLA		PENSACOLA-FERRY PASS-BRENT, FL METROPOLITAN STATISTICAL AREA		ESCAMBIA		PENSACOLA

		836.00		PRINCE FREDERICK		WASHINGTON-ARLINGTON-ALEXANDRIA, DC-VA-MD-WV METROPOLITAN STATISTICAL AREA		CALVERT		DARES BEACH

		837.00		RISING SUN		CINCINNATI-MIDDLETOWN, OH-KY-IN METROPOLITAN STATISTICAL AREA		OHIO		RISING SUN

		838.00		MILAN		MONROE, MI METROPOLITAN STATISTICAL AREA		MONROE		AUGUSTA TWP

		839.00		PETAL		HATTIESBURG, MS METROPOLITAN STATISTICAL AREA		FORREST		HARVEY

		840.00		KITTERY POINT		PORTLAND-SOUTH PORTLAND, ME METROPOLITAN STATISTICAL AREA		YORK		KITTERY POINT

		841.00		GATE CITY		KINGSPORT-BRISTOL, TN-VA METROPOLITAN STATISTICAL AREA		SCOTT		GATE CITY

		842.00		VIRGINIA BEACH		VIRGINIA BEACH-NORFOLK-NEWPORT NEWS, VA-NC METROPOLITAN STATISTICAL AREA		VIRGINIA BEACH CITY		VIRGINIA BCH

		843.00		VALDOSTA		VALDOSTA, GA METROPOLITAN STATISTICAL AREA		LOWNDES		CLYATTVILLE

		844.00		READING		READING, PA METROPOLITAN STATISTICAL AREA		BERKS		READING

		845.00		AUBURN		LEWISTON-AUBURN, ME METROPOLITAN STATISTICAL AREA		ANDROSCOGGIN		AUBURN

		846.00		DOVER		BOSTON-CAMBRIDGE-QUINCY, MA-NH METROPOLITAN STATISTICAL AREA		NORFOLK		DOVER

		847.00		MILLERSVILLE		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		ANNE ARUNDEL		MILLERSVILLE

		848.00		DEPEW		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE		LANCASTER

		849.00		SAINT LOUIS		ALMA, MI MICROPOLITAN STATISTICAL AREA		GRATIOT		SAINT LOUIS

		850.00		SCHELLSBURG				BEDFORD		SCHELLSBURG

		851.00		MASSILLON		CANTON-MASSILLON, OH METROPOLITAN STATISTICAL AREA		STARK		MASSILLON

		852.00		WENATCHEE		WENATCHEE, WA METROPOLITAN STATISTICAL AREA		CHELAN		GRANT ROAD ADDITION

		853.00		OAKLAND CITY		EVANSVILLE, IN-KY METROPOLITAN STATISTICAL AREA		GIBSON		OAKLAND CITY

		854.00		BROOKFIELD		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK		BROOKFIELD

		855.00		COLTON		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		SAN BERNARDINO		COLTON

		856.00		HAMPTON		VIRGINIA BEACH-NORFOLK-NEWPORT NEWS, VA-NC METROPOLITAN STATISTICAL AREA		HAMPTON CITY		HAMPTON

		857.00		NEW YORK		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		NEW YORK		NEW YORK CITY

		858.00		ENGLEWOOD		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		SARASOTA		ENGLEWOOD

		859.00		KLAMATH FALLS		KLAMATH FALLS, OR MICROPOLITAN STATISTICAL AREA		KLAMATH		KLAMATH FALLS

		860.00		EL PASO		EL PASO, TX METROPOLITAN STATISTICAL AREA		EL PASO		EL PASO

		861.00		ALEXANDRIA		ALEXANDRIA, LA METROPOLITAN STATISTICAL AREA		RAPIDES		ALEX

		862.00		TOLEDO		TOLEDO, OH METROPOLITAN STATISTICAL AREA		LUCAS		TOLEDO

		863.00		MANCHESTER		TULLAHOMA, TN MICROPOLITAN STATISTICAL AREA		COFFEE		MANCHESTER

		864.00		LAWTON		LAWTON, OK METROPOLITAN STATISTICAL AREA		COMANCHE		LAWTON

		865.00		CABOT		LITTLE ROCK-NORTH LITTLE ROCK, AR METROPOLITAN STATISTICAL AREA		LONOKE		CABOT

		866.00		JEFFERSON CITY		JEFFERSON CITY, MO METROPOLITAN STATISTICAL AREA		COLE		BRAZITO

		867.00		HYATTSVILLE		WASHINGTON-ARLINGTON-ALEXANDRIA, DC-VA-MD-WV METROPOLITAN STATISTICAL AREA		PRINCE GEORGES		ADELPHI

		868.00		WILLSHIRE		VAN WERT, OH MICROPOLITAN STATISTICAL AREA		VAN WERT		WILLSHIRE

		869.00		SAN ANTONIO		SAN ANTONIO, TX METROPOLITAN STATISTICAL AREA		BEXAR		LIVE OAK

		870.00		LOUISVILLE		BOULDER, CO METROPOLITAN STATISTICAL AREA		BOULDER		LOUISVILLE

		871.00		DEL VALLE		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		TRAVIS		DEL VALLE

		872.00		FAIRPORT		ROCHESTER, NY METROPOLITAN STATISTICAL AREA		MONROE		FAIRPORT

		873.00		HIRAM		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		PAULDING		HIRAM

		874.00		SOUTH BEND		SOUTH BEND-MISHAWAKA, IN-MI METROPOLITAN STATISTICAL AREA		ST JOSEPH		S BEND

		875.00		LINDENHURST		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		SUFFOLK		HEER PARK

		876.00		WOODSTOCK		WILLIMANTIC, CT MICROPOLITAN STATISTICAL AREA		WINDHAM		WOODSTOCK

		877.00		HELENA		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY		HELENA

		878.00		HAWTHORNE		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		PASSAIC		HAWTHORNE

		879.00		CUMMING		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		FORSYTH		CUMMING

		880.00		NEWFOUNDLAND				WAYNE		NEWFOUNDLAND

		881.00		EAST MONTPELIER		BARRE, VT MICROPOLITAN STATISTICAL AREA		WASHINGTON		E MONTPELIER

		882.00		HASTINGS		JACKSONVILLE, FL METROPOLITAN STATISTICAL AREA		SAINT JOHNS		HASTINGS

		883.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		HOLLYWOOD

		884.00		MINNEAPOLIS		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		HENNEPIN		BLOOMINGTON

		885.00		MARYVILLE		KNOXVILLE, TN METROPOLITAN STATISTICAL AREA		BLOUNT		MARYVILLE

		886.00		TROY		CHARLOTTESVILLE, VA METROPOLITAN STATISTICAL AREA		FLUVANNA		TROY

		887.00		GREEN VALLEY		TUCSON, AZ METROPOLITAN STATISTICAL AREA		PIMA		GREEN VALLEY

		888.00		CUDAHY		MILWAUKEE-WAUKESHA-WEST ALLIS, WI METROPOLITAN STATISTICAL AREA		MILWAUKEE		CUDAHY

		889.00		HELENA		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY		HELENA

		890.00		INGLEWOOD		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		INGLEWOOD

		891.00		SHEBOYGAN		SHEBOYGAN, WI METROPOLITAN STATISTICAL AREA		SHEBOYGAN		HAVEN

		892.00		BLACKLICK		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN		BLACKLICK

		893.00		BRIGHTON		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		ADAMS		BRIGHTON

		894.00		BASALT		EDWARDS, CO MICROPOLITAN STATISTICAL AREA		EAGLE		BASALT

		895.00		WIGGINS		FORT MORGAN, CO MICROPOLITAN STATISTICAL AREA		MORGAN		HOYT

		896.00		PLEASANT GROVE		PROVO-OREM, UT METROPOLITAN STATISTICAL AREA		UTAH		CEDAR HILLS

		897.00		NORWOOD		BOSTON-CAMBRIDGE-QUINCY, MA-NH METROPOLITAN STATISTICAL AREA		NORFOLK		NORWOOD

		898.00		GRAND FORKS		GRAND FORKS, ND-MN METROPOLITAN STATISTICAL AREA		GRAND FORKS		GRAND FORKS

		899.00		VISTA		SAN DIEGO-CARLSBAD-SAN MARCOS, CA METROPOLITAN STATISTICAL AREA		SAN DIEGO		VISTA

		900.00		HUTTO		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		WILLIAMSON		HUTTO

		901.00		PORTLAND		PORTLAND-VANCOUVER-BEAVERTON, OR-WA METROPOLITAN STATISTICAL AREA		WASHINGTON		LAMBS GARDN HM  CPU

		902.00		SALT LAKE CITY		SALT LAKE CITY, UT METROPOLITAN STATISTICAL AREA		SALT LAKE		GRANGER

		903.00		ATHENS		HUNTSVILLE, AL METROPOLITAN STATISTICAL AREA		LIMESTONE		ATHENS

		904.00		BEL AIR		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		HARFORD		BEL AIR

		905.00		VERNAL		VERNAL, UT MICROPOLITAN STATISTICAL AREA		UINTAH		DRY FORK

		906.00		WESTMINSTER		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		ADAMS		DENVER

		907.00		SCHERERVILLE		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		LAKE		SCHERERVILLE

		908.00		MADISON		MADISON, WI METROPOLITAN STATISTICAL AREA		DANE		MADISON

		909.00		ROWLETT		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		DALLAS		ROWLETT

		910.00		GUSTON		LOUISVILLE, KY-IN METROPOLITAN STATISTICAL AREA		MEADE		GUSTON

		911.00		ANCHORAGE		ANCHORAGE, AK METROPOLITAN STATISTICAL AREA		ANCHORAGE		ANCHORAGE

		912.00		BOISE		BOISE CITY-NAMPA, ID METROPOLITAN STATISTICAL AREA		ADA		BOISE

		913.00		CAPTAIN COOK		HILO, HI MICROPOLITAN STATISTICAL AREA		HAWAII		CAPTAIN COOK

		914.00		ARVADA		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		JEFFERSON		WESTMINSTER

		915.00		FARMINGTON		FARMINGTON, MO MICROPOLITAN STATISTICAL AREA		SAINT FRANCOIS		FARMINGTON

		916.00		POCATELLO		POCATELLO, ID METROPOLITAN STATISTICAL AREA		BANNOCK		POCATELLO

		917.00		PANORAMA CITY		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		PANORAMA CITY

		918.00		NORTH MYRTLE BEACH		MYRTLE BEACH-CONWAY-NORTH MYRTLE BEACH, SC METROPOLITAN STATISTICAL AREA		HORRY		ATLANTIC BEACH

		919.00		AVA				DOUGLAS		AVA

		920.00		NAPERVILLE		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		WILL		NAPERVILLE

		921.00		SPRINGFIELD		SPRINGFIELD, MA METROPOLITAN STATISTICAL AREA		HAMPDEN		SPRINGFIELD

		922.00		VICKSBURG		VICKSBURG, MS MICROPOLITAN STATISTICAL AREA		WARREN		VICKSBURG

		923.00		SYRACUSE		SYRACUSE, NY METROPOLITAN STATISTICAL AREA		ONONDAGA		GEDDES

		924.00		CADILLAC		CADILLAC, MI MICROPOLITAN STATISTICAL AREA		WEXFORD		CADILLAC

		925.00		BLACHLY		EUGENE-SPRINGFIELD, OR METROPOLITAN STATISTICAL AREA		LANE		BLACHLY

		926.00		SAMMAMISH		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		KING		REDMOND

		927.00		KEYSVILLE		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		BURKE		KEYSVILLE

		928.00		PENSACOLA		PENSACOLA-FERRY PASS-BRENT, FL METROPOLITAN STATISTICAL AREA		ESCAMBIA		PENSACOLA

		929.00		TINLEY PARK		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK		CTRY CLUB HLS

		930.00		EAST SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT CLAIR		E SAINT LOUIS

		931.00		SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS		BEL NOR

		932.00		EDWARDS		EDWARDS, CO MICROPOLITAN STATISTICAL AREA		EAGLE		EDWARDS

		933.00		HOLDINGFORD		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS		HOLDINGFORD

		934.00		WICHITA		WICHITA, KS METROPOLITAN STATISTICAL AREA		SEDGWICK		WICHITA

		935.00		PALMYRA		CHARLOTTESVILLE, VA METROPOLITAN STATISTICAL AREA		FLUVANNA		BYBEE

		936.00		GILBERT		PHOENIX-MESA-SCOTTSDALE, AZ METROPOLITAN STATISTICAL AREA		MARICOPA		GILBERT

		937.00		MIDDLETOWN		WINCHESTER, VA-WV METROPOLITAN STATISTICAL AREA		FREDERICK		MIDDLETOWN

		938.00		BOX ELDER		RAPID CITY, SD METROPOLITAN STATISTICAL AREA		PENNINGTON		BOX ELDER

		939.00		ORLANDO		ORLANDO, FL METROPOLITAN STATISTICAL AREA		ORANGE		LOCKHART

		940.00		SIOUX CITY		SIOUX CITY, IA-NE-SD METROPOLITAN STATISTICAL AREA		WOODBURY		SIOUX CITY

		941.00		GROVE CITY		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN		GROVE CITY

		942.00		CLEVELAND		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		LIBERTY		CLEVELAND

		943.00		VACAVILLE		VALLEJO-FAIRFIELD, CA METROPOLITAN STATISTICAL AREA		SOLANO		VACAVILLE

		944.00		HINTON				PLYMOUTH		HINTON

		945.00		KENOSHA		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		KENOSHA		KENOSHA

		946.00		BLOOMFIELD		FARMINGTON, NM METROPOLITAN STATISTICAL AREA		SAN JUAN		BLOOMFIELD

		947.00		ATLANTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		DEKALB		ATL

		948.00		COLLEGEVILLE		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS		COLLEGEVILLE

		949.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		HOLLYWOOD

		950.00		FLORENCE				RAVALLI		FLORENCE

		951.00		PORTLAND		PORTLAND-VANCOUVER-BEAVERTON, OR-WA METROPOLITAN STATISTICAL AREA		MULTNOMAH		PORTLAND

		952.00		SARASOTA		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		SARASOTA		SARASOTA

		953.00		HUTCHINSON		HUTCHINSON, MN MICROPOLITAN STATISTICAL AREA		MCLEOD		CEDAR MILLS

		954.00		PASADENA		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		PASADENA

		955.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		HOUSTON

		956.00		DOYLESTOWN		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		BUCKS		GARDENVILLE

		957.00		NEW BERN		NEW BERN, NC MICROPOLITAN STATISTICAL AREA		CRAVEN		NEW BERN

		958.00		MONTPELIER				WILLIAMS		MONTPELIER

		959.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		WASHINGTON		SAINT PAUL

		960.00		FORT WORTH		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		FORT WORTH

		961.00		AUSTIN		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		TRAVIS		AUSTIN

		962.00		TACOMA		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		PIERCE		FORT LEWIS

		963.00		SILVER SPRING		WASHINGTON-ARLINGTON-ALEXANDRIA, DC-VA-MD-WV METROPOLITAN STATISTICAL AREA		MONTGOMERY		SILVER SPRING

		964.00		KAPAAU		HILO, HI MICROPOLITAN STATISTICAL AREA		HAWAII		KAPAAU

		965.00		CLEVELAND		CLEVELAND, MS MICROPOLITAN STATISTICAL AREA		BOLIVAR		CLEVELAND

		966.00		LOS ANGELES		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		FOY

		967.00		BROOKLAND		JONESBORO, AR METROPOLITAN STATISTICAL AREA		CRAIGHEAD		BROOKLAND

		968.00		TALLAHASSEE		TALLAHASSEE, FL METROPOLITAN STATISTICAL AREA		LEON		TALLAHASSEE

		969.00		GLEN ROCK		YORK-HANOVER, PA METROPOLITAN STATISTICAL AREA		YORK		GLEN ROCK

		970.00		FORT LAUDERDALE		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		FORT LAUDERDALE

		971.00		AURORA		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		ARAPAHOE		AURORA

		972.00		WAYMART				WAYNE		WAYMART

		973.00		BOSSIER CITY		SHREVEPORT-BOSSIER CITY, LA METROPOLITAN STATISTICAL AREA		BOSSIER		BOSSIER CITY

		974.00		FLAGLER BEACH		PALM COAST, FL MICROPOLITAN STATISTICAL AREA		FLAGLER		FLAGLER BEACH

		975.00		SPOKANE		SPOKANE, WA METROPOLITAN STATISTICAL AREA		SPOKANE		SHADLE GARLAND

		976.00		CLARKSBURG		CLARKSBURG, WV MICROPOLITAN STATISTICAL AREA		HARRISON		CLARKSBURG

		977.00		CHICAGO		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK		CHICAGO

		978.00		EAST SYRACUSE		SYRACUSE, NY METROPOLITAN STATISTICAL AREA		ONONDAGA		E SYRACUSE

		979.00		MOUNTAIN CENTER		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		RIVERSIDE		MOUNTAIN CENTER

		980.00		EL SEGUNDO		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		EL SEGUNDO

		981.00		GREENSBORO		GREENSBORO-HIGH POINT, NC METROPOLITAN STATISTICAL AREA		GUILFORD		FOREST OAKS

		982.00		FORT LAUDERDALE		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		FT LAUDERDALE

		983.00		DELTA		TALLULAH, LA MICROPOLITAN STATISTICAL AREA		MADISON		DELTA

		984.00		NORTH AUGUSTA		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		AIKEN		BEECH ISLAND

		985.00		LAWNDALE		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		LAWNDALE

		986.00		ATLANTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		FULTON		ATL

		987.00		OAK VIEW		OXNARD-THOUSAND OAKS-VENTURA, CA METROPOLITAN STATISTICAL AREA		VENTURA		OAK VIEW

		988.00		RICHMOND		RICHMOND, VA METROPOLITAN STATISTICAL AREA		RICHMOND CITY		FOREST HILL

		989.00		IOLA				WAUPACA		IOLA

		990.00		TECUMSEH		ADRIAN, MI MICROPOLITAN STATISTICAL AREA		LENAWEE		TECUMSEH

		991.00		SEQUIM		PORT ANGELES, WA MICROPOLITAN STATISTICAL AREA		CLALLAM		BLYN

		992.00		FAYETTEVILLE		FAYETTEVILLE, NC METROPOLITAN STATISTICAL AREA		CUMBERLAND		FAYETTEVILLE

		993.00		VAN NUYS		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		VAN NUYS

		994.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		HOUSTON

		995.00		NEWPORT		HARRISBURG-CARLISLE, PA METROPOLITAN STATISTICAL AREA		PERRY		NEWPORT

		996.00		KISSIMMEE		ORLANDO, FL METROPOLITAN STATISTICAL AREA		OSCEOLA		KISSIMMEE

		997.00		SCRANTON		SCRANTON--WILKES-BARRE, PA METROPOLITAN STATISTICAL AREA		LACKAWANNA		SCRANTON

		998.00		MILWAUKEE		MILWAUKEE-WAUKESHA-WEST ALLIS, WI METROPOLITAN STATISTICAL AREA		MILWAUKEE		MILWAUKEE

		999.00		TOLEDO		TOLEDO, OH METROPOLITAN STATISTICAL AREA		LUCAS		TOLEDO

		1,000.00		CANTON		CANTON-MASSILLON, OH METROPOLITAN STATISTICAL AREA		STARK		AKRON CANTON REGION AIRPORT

		74.00		NEW PARIS				BEDFORD		NEW PARIS		1,023.00

		499.00		TOLEDO		TOLEDO, OH METROPOLITAN STATISTICAL AREA		LUCAS		TOLEDO		1,023.00

		574.00		NEW PARIS				BEDFORD		NEW PARIS		1,023.00

		73.00		BALATON		MARSHALL, MN MICROPOLITAN STATISTICAL AREA		LYON		BALATON		1,037.00

		498.00		MILWAUKEE		MILWAUKEE-WAUKESHA-WEST ALLIS, WI METROPOLITAN STATISTICAL AREA		MILWAUKEE		MILWAUKEE		1,037.00

		573.00		BALATON		MARSHALL, MN MICROPOLITAN STATISTICAL AREA		LYON		BALATON		1,037.00

		97.00		MURFREESBORO		NASHVILLE-DAVIDSON--MURFREESBORO, TN METROPOLITAN STATISTICAL AREA		RUTHERFORD		MBORO		1,045.00

		597.00		MURFREESBORO		NASHVILLE-DAVIDSON--MURFREESBORO, TN METROPOLITAN STATISTICAL AREA		RUTHERFORD		MBORO		1,045.00

		217.00		STERLING HEIGHTS		DETROIT-WARREN-LIVONIA, MI METROPOLITAN STATISTICAL AREA		MACOMB		STERLING HEIGHTS		1,055.00

		363.00		MANCHESTER		TULLAHOMA, TN MICROPOLITAN STATISTICAL AREA		COFFEE		MANCHESTER		1,069.00

		25.00		PASADENA		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		PASADENA		2,020.00

		450.00		FLORENCE				RAVALLI		FLORENCE		2,020.00

		525.00		PASADENA		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		PASADENA		2,020.00

		130.00		HUDSON		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		PASCO		BAYONET POINT		2,090.00

		630.00		HUDSON		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		PASCO		BAYONET POINT		2,090.00

		38.00		BROOKLAND		JONESBORO, AR METROPOLITAN STATISTICAL AREA		CRAIGHEAD		BROOKLAND		4,013.00

		40.00		GLEN ROCK		YORK-HANOVER, PA METROPOLITAN STATISTICAL AREA		YORK		GLEN ROCK		4,013.00

		82.00		WRIGHTWOOD		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		SAN BERNARDINO		WRIGHTWOOD		4,013.00

		86.00		GRASONVILLE		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		QUEEN ANNES		GRASONVILLE		4,013.00

		278.00		BOVEY				ITASCA		BORAY		4,013.00

		345.00		AUBURN		LEWISTON-AUBURN, ME METROPOLITAN STATISTICAL AREA		ANDROSCOGGIN		AUBURN		4,013.00

		374.00		SOUTH BEND		SOUTH BEND-MISHAWAKA, IN-MI METROPOLITAN STATISTICAL AREA		ST JOSEPH		S BEND		4,013.00

		377.00		HELENA		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY		HELENA		4,013.00

		463.00		SILVER SPRING		WASHINGTON-ARLINGTON-ALEXANDRIA, DC-VA-MD-WV METROPOLITAN STATISTICAL AREA		MONTGOMERY		SILVER SPRING		4,013.00

		465.00		CLEVELAND		CLEVELAND, MS MICROPOLITAN STATISTICAL AREA		BOLIVAR		CLEVELAND		4,013.00

		538.00		BROOKLAND		JONESBORO, AR METROPOLITAN STATISTICAL AREA		CRAIGHEAD		BROOKLAND		4,013.00

		540.00		GLEN ROCK		YORK-HANOVER, PA METROPOLITAN STATISTICAL AREA		YORK		GLEN ROCK		4,013.00

		582.00		WRIGHTWOOD		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		SAN BERNARDINO		WRIGHTWOOD		4,013.00

		586.00		GRASONVILLE		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		QUEEN ANNES		GRASONVILLE		4,013.00

		12.00		GROVE CITY		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN		GROVE CITY		4,019.00

		20.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		HOLLYWOOD		4,019.00

		21.00		FLORENCE				RAVALLI		FLORENCE		4,019.00

		33.00		TACOMA		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		PIERCE		FORT LEWIS		4,019.00

		83.00		JOPLIN		JOPLIN, MO METROPOLITAN STATISTICAL AREA		JASPER		BELLE CENTER		4,019.00

		437.00		MIDDLETOWN		WINCHESTER, VA-WV METROPOLITAN STATISTICAL AREA		FREDERICK		MIDDLETOWN		4,019.00

		445.00		KENOSHA		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		KENOSHA		KENOSHA		4,019.00

		446.00		BLOOMFIELD		FARMINGTON, NM METROPOLITAN STATISTICAL AREA		SAN JUAN		BLOOMFIELD		4,019.00

		458.00		MONTPELIER				WILLIAMS		MONTPELIER		4,019.00

		512.00		GROVE CITY		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN		GROVE CITY		4,019.00

		520.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		HOLLYWOOD		4,019.00

		521.00		FLORENCE				RAVALLI		FLORENCE		4,019.00

		533.00		TACOMA		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		PIERCE		FORT LEWIS		4,019.00

		583.00		JOPLIN		JOPLIN, MO METROPOLITAN STATISTICAL AREA		JASPER		BELLE CENTER		4,019.00

		92.00		FROHNA				PERRY		WITTENBERG		4,021.00

		592.00		FROHNA				PERRY		WITTENBERG		4,021.00

		183.00		SPRINGFIELD		BATON ROUGE, LA METROPOLITAN STATISTICAL AREA		LIVINGSTON		HEAD OF ISLAND		5,091.00

		189.00		ARLINGTON		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		ARLINGTON		6,001.00

		376.00		WOODSTOCK		WILLIMANTIC, CT MICROPOLITAN STATISTICAL AREA		WINDHAM		WOODSTOCK		6,005.00

		387.00		GREEN VALLEY		TUCSON, AZ METROPOLITAN STATISTICAL AREA		PIMA		GREEN VALLEY		6,007.00

		43.00		WAYMART				WAYNE		WAYMART		6,013.00

		468.00		TALLAHASSEE		TALLAHASSEE, FL METROPOLITAN STATISTICAL AREA		LEON		TALLAHASSEE		6,013.00

		543.00		WAYMART				WAYNE		WAYMART		6,013.00

		158.00		AKRON		AKRON, OH METROPOLITAN STATISTICAL AREA		SUMMIT		AKRON		6,017.00

		658.00		AKRON		AKRON, OH METROPOLITAN STATISTICAL AREA		SUMMIT		AKRON		6,017.00

		36.00		CLEVELAND		CLEVELAND, MS MICROPOLITAN STATISTICAL AREA		BOLIVAR		CLEVELAND		6,023.00

		461.00		AUSTIN		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		TRAVIS		AUSTIN		6,023.00

		536.00		CLEVELAND		CLEVELAND, MS MICROPOLITAN STATISTICAL AREA		BOLIVAR		CLEVELAND		6,023.00

		365.00		CABOT		LITTLE ROCK-NORTH LITTLE ROCK, AR METROPOLITAN STATISTICAL AREA		LONOKE		CABOT		6,025.00

		15.00		HINTON				PLYMOUTH		HINTON		6,029.00

		440.00		SIOUX CITY		SIOUX CITY, IA-NE-SD METROPOLITAN STATISTICAL AREA		WOODBURY		SIOUX CITY		6,029.00

		515.00		HINTON				PLYMOUTH		HINTON		6,029.00

		111.00		MANCHACA		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		TRAVIS		MANCHACA		6,037.00

		157.00		OGDEN		OGDEN-CLEARFIELD, UT METROPOLITAN STATISTICAL AREA		WEBER		OGDEN		6,037.00

		165.00		FOREST HILLS		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		QUEENS		FLUSHING		6,037.00

		176.00		COLUMBUS		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN		GRANDVIEW		6,037.00

		209.00		MONTELLO				MARQUETTE		MONTELLO		6,037.00

		293.00		HOUSTON		PITTSBURGH, PA METROPOLITAN STATISTICAL AREA		WASHINGTON		HOUSTON		6,037.00

		357.00		NEW YORK		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		NEW YORK		NEW YORK CITY		6,037.00

		420.00		NAPERVILLE		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		WILL		NAPERVILLE		6,037.00

		611.00		MANCHACA		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		TRAVIS		MANCHACA		6,037.00

		657.00		OGDEN		OGDEN-CLEARFIELD, UT METROPOLITAN STATISTICAL AREA		WEBER		OGDEN		6,037.00

		64.00		VAN NUYS		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		VAN NUYS		6,041.00

		489.00		IOLA				WAUPACA		IOLA		6,041.00

		564.00		VAN NUYS		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		VAN NUYS		6,041.00

		160.00		BUFFALO		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE		BUFFALO		6,059.00

		660.00		BUFFALO		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE		BUFFALO		6,059.00

		181.00		VAIL		EDWARDS, CO MICROPOLITAN STATISTICAL AREA		EAGLE		EAST VAIL		6,061.00

		57.00		ATLANTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		FULTON		ATL		6,063.00

		482.00		FORT LAUDERDALE		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		FT LAUDERDALE		6,063.00

		557.00		ATLANTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		FULTON		ATL		6,063.00

		294.00		FOND DU LAC		FOND DU LAC, WI METROPOLITAN STATISTICAL AREA		FOND DU LAC		NORTH FOND DU LAC		6,065.00

		170.00		BOZEMAN		BOZEMAN, MT MICROPOLITAN STATISTICAL AREA		GALLATIN		BOZEMAN		6,067.00

		288.00		NICEVILLE		FORT WALTON BEACH-CRESTVIEW-DESTIN, FL METROPOLITAN STATISTICAL AREA		OKALOOSA		NICEVILLE		6,067.00

		311.00		HYRUM		LOGAN, UT-ID METROPOLITAN STATISTICAL AREA		CACHE		HYRUM		6,067.00

		58.00		OAK VIEW		OXNARD-THOUSAND OAKS-VENTURA, CA METROPOLITAN STATISTICAL AREA		VENTURA		OAK VIEW		6,069.00

		483.00		DELTA		TALLULAH, LA MICROPOLITAN STATISTICAL AREA		MADISON		DELTA		6,069.00

		558.00		OAK VIEW		OXNARD-THOUSAND OAKS-VENTURA, CA METROPOLITAN STATISTICAL AREA		VENTURA		OAK VIEW		6,069.00

		24.00		HUTCHINSON		HUTCHINSON, MN MICROPOLITAN STATISTICAL AREA		MCLEOD		CEDAR MILLS		6,071.00

		142.00		NEOSHO		JOPLIN, MO METROPOLITAN STATISTICAL AREA		NEWTON		NEOSHO		6,071.00

		449.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		HOLLYWOOD		6,071.00

		524.00		HUTCHINSON		HUTCHINSON, MN MICROPOLITAN STATISTICAL AREA		MCLEOD		CEDAR MILLS		6,071.00

		642.00		NEOSHO		JOPLIN, MO METROPOLITAN STATISTICAL AREA		NEWTON		NEOSHO		6,071.00

		7.00		GILBERT		PHOENIX-MESA-SCOTTSDALE, AZ METROPOLITAN STATISTICAL AREA		MARICOPA		GILBERT		6,073.00

		75.00		MANSFIELD		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		MANSFIELD		6,073.00

		207.00		MESA		PHOENIX-MESA-SCOTTSDALE, AZ METROPOLITAN STATISTICAL AREA		MARICOPA		MESA		6,073.00

		432.00		EDWARDS		EDWARDS, CO MICROPOLITAN STATISTICAL AREA		EAGLE		EDWARDS		6,073.00

		500.00		CANTON		CANTON-MASSILLON, OH METROPOLITAN STATISTICAL AREA		STARK		AKRON CANTON REGION AIRPORT		6,073.00

		507.00		GILBERT		PHOENIX-MESA-SCOTTSDALE, AZ METROPOLITAN STATISTICAL AREA		MARICOPA		GILBERT		6,073.00

		575.00		MANSFIELD		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		MANSFIELD		6,073.00

		78.00		COLORADO SPRINGS		COLORADO SPRINGS, CO METROPOLITAN STATISTICAL AREA		EL PASO		CO SPGS		6,077.00

		416.00		POCATELLO		POCATELLO, ID METROPOLITAN STATISTICAL AREA		BANNOCK		POCATELLO		6,077.00

		578.00		COLORADO SPRINGS		COLORADO SPRINGS, CO METROPOLITAN STATISTICAL AREA		EL PASO		CO SPGS		6,077.00

		6.00		PALMYRA		CHARLOTTESVILLE, VA METROPOLITAN STATISTICAL AREA		FLUVANNA		BYBEE		6,083.00

		185.00		OLDFIELD		SPRINGFIELD, MO METROPOLITAN STATISTICAL AREA		CHRISTIAN		OLDFIELD		6,083.00

		431.00		SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS		BEL NOR		6,083.00

		506.00		PALMYRA		CHARLOTTESVILLE, VA METROPOLITAN STATISTICAL AREA		FLUVANNA		BYBEE		6,083.00

		67.00		KISSIMMEE		ORLANDO, FL METROPOLITAN STATISTICAL AREA		OSCEOLA		KISSIMMEE		6,085.00

		108.00		BATON ROUGE		BATON ROUGE, LA METROPOLITAN STATISTICAL AREA		EAST BATON ROUGE		BATON ROUGE		6,085.00

		492.00		FAYETTEVILLE		FAYETTEVILLE, NC METROPOLITAN STATISTICAL AREA		CUMBERLAND		FAYETTEVILLE		6,085.00

		567.00		KISSIMMEE		ORLANDO, FL METROPOLITAN STATISTICAL AREA		OSCEOLA		KISSIMMEE		6,085.00

		608.00		BATON ROUGE		BATON ROUGE, LA METROPOLITAN STATISTICAL AREA		EAST BATON ROUGE		BATON ROUGE		6,085.00

		77.00		BONIFAY				HOLMES		BONIFAY		6,089.00

		141.00		CONCORDIA		KANSAS CITY, MO-KS METROPOLITAN STATISTICAL AREA		LAFAYETTE		CONCORDIA		6,089.00

		577.00		BONIFAY				HOLMES		BONIFAY		6,089.00

		641.00		CONCORDIA		KANSAS CITY, MO-KS METROPOLITAN STATISTICAL AREA		LAFAYETTE		CONCORDIA		6,089.00

		112.00		SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS		CRYSTAL LAKE PARK		6,095.00

		163.00		NEW SMYRNA BEACH		DELTONA-DAYTONA BEACH-ORMOND BEACH, FL METROPOLITAN STATISTICAL AREA		VOLUSIA		NEW SMYRNA		6,095.00

		612.00		SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS		CRYSTAL LAKE PARK		6,095.00

		146.00		ROCHESTER		ROCHESTER, NY METROPOLITAN STATISTICAL AREA		MONROE		ROCHESTER		6,099.00

		646.00		ROCHESTER		ROCHESTER, NY METROPOLITAN STATISTICAL AREA		MONROE		ROCHESTER		6,099.00

		312.00		BATON ROUGE		BATON ROUGE, LA METROPOLITAN STATISTICAL AREA		EAST BATON ROUGE		BATON ROUGE		6,101.00

		60.00		IOLA				WAUPACA		IOLA		6,107.00

		354.00		BROOKFIELD		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK		BROOKFIELD		6,107.00

		485.00		LAWNDALE		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		LAWNDALE		6,107.00

		560.00		IOLA				WAUPACA		IOLA		6,107.00

		133.00		GRANITE CITY		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		MADISON		GRANITE CITY		8,001.00

		351.00		MASSILLON		CANTON-MASSILLON, OH METROPOLITAN STATISTICAL AREA		STARK		MASSILLON		8,001.00

		633.00		GRANITE CITY		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		MADISON		GRANITE CITY		8,001.00

		137.00		POOLER		SAVANNAH, GA METROPOLITAN STATISTICAL AREA		CHATHAM		POOLER		8,005.00

		637.00		POOLER		SAVANNAH, GA METROPOLITAN STATISTICAL AREA		CHATHAM		POOLER		8,005.00

		48.00		CHICAGO		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK		CHICAGO		8,013.00

		135.00		SAINT CLOUD		FOND DU LAC, WI METROPOLITAN STATISTICAL AREA		FOND DU LAC		SAINT CLOUD		8,013.00

		473.00		BOSSIER CITY		SHREVEPORT-BOSSIER CITY, LA METROPOLITAN STATISTICAL AREA		BOSSIER		BOSSIER CITY		8,013.00

		548.00		CHICAGO		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK		CHICAGO		8,013.00

		635.00		SAINT CLOUD		FOND DU LAC, WI METROPOLITAN STATISTICAL AREA		FOND DU LAC		SAINT CLOUD		8,013.00

		31.00		FORT WORTH		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		FORT WORTH		8,041.00

		456.00		DOYLESTOWN		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		BUCKS		GARDENVILLE		8,041.00

		531.00		FORT WORTH		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		FORT WORTH		8,041.00

		90.00		RICHARDSON		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		DALLAS		BUCKINGHAM		8,059.00

		590.00		RICHARDSON		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		DALLAS		BUCKINGHAM		8,059.00

		23.00		SARASOTA		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		SARASOTA		SARASOTA		8,075.00

		143.00		RALEIGH		RALEIGH-CARY, NC METROPOLITAN STATISTICAL AREA		WAKE		MCCULLERS		8,075.00

		448.00		COLLEGEVILLE		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS		COLLEGEVILLE		8,075.00

		523.00		SARASOTA		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		SARASOTA		SARASOTA		8,075.00

		643.00		RALEIGH		RALEIGH-CARY, NC METROPOLITAN STATISTICAL AREA		WAKE		MCCULLERS		8,075.00

		4.00		HOLDINGFORD		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS		HOLDINGFORD		8,077.00

		85.00		DES MOINES		DES MOINES, IA METROPOLITAN STATISTICAL AREA		POLK		DES MOINES		8,077.00

		429.00		TINLEY PARK		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK		CTRY CLUB HLS		8,077.00

		504.00		HOLDINGFORD		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS		HOLDINGFORD		8,077.00

		585.00		DES MOINES		DES MOINES, IA METROPOLITAN STATISTICAL AREA		POLK		DES MOINES		8,077.00

		95.00		BUFFALO		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE		AMHERST		8,123.00

		109.00		WINONA		TYLER, TX METROPOLITAN STATISTICAL AREA		SMITH		STARRVILLE		8,123.00

		595.00		BUFFALO		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE		AMHERST		8,123.00

		609.00		WINONA		TYLER, TX METROPOLITAN STATISTICAL AREA		SMITH		STARRVILLE		8,123.00

		296.00		WILDWOOD		OCEAN CITY, NJ METROPOLITAN STATISTICAL AREA		CAPE MAY		N WILDWOOD		9,001.00

		61.00		TECUMSEH		ADRIAN, MI MICROPOLITAN STATISTICAL AREA		LENAWEE		TECUMSEH		9,005.00

		486.00		ATLANTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		FULTON		ATL		9,005.00

		561.00		TECUMSEH		ADRIAN, MI MICROPOLITAN STATISTICAL AREA		LENAWEE		TECUMSEH		9,005.00

		259.00		STANTONSBURG		WILSON, NC MICROPOLITAN STATISTICAL AREA		WILSON		STANTONSBURG		12,011.00

		260.00		JONESBOROUGH		JOHNSON CITY, TN METROPOLITAN STATISTICAL AREA		WASHINGTON		JONESBORO		12,011.00

		285.00		WICHITA FALLS		WICHITA FALLS, TX METROPOLITAN STATISTICAL AREA		WICHITA		WICHITA FALLS		12,015.00

		45.00		FLAGLER BEACH		PALM COAST, FL MICROPOLITAN STATISTICAL AREA		FLAGLER		FLAGLER BEACH		12,021.00

		470.00		FORT LAUDERDALE		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		FORT LAUDERDALE		12,021.00

		545.00		FLAGLER BEACH		PALM COAST, FL MICROPOLITAN STATISTICAL AREA		FLAGLER		FLAGLER BEACH		12,021.00

		322.00		SPOKANE		SPOKANE, WA METROPOLITAN STATISTICAL AREA		SPOKANE		SPOKANE		12,025.00

		396.00		PLEASANT GROVE		PROVO-OREM, UT METROPOLITAN STATISTICAL AREA		UTAH		CEDAR HILLS		12,025.00

		397.00		NORWOOD		BOSTON-CAMBRIDGE-QUINCY, MA-NH METROPOLITAN STATISTICAL AREA		NORFOLK		NORWOOD		12,025.00

		276.00		BLUE RIVER				FLOYD		BLUE RIVER		12,031.00

		295.00		ORANGE		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		ESSEX		ORANGE		12,033.00

		62.00		SEQUIM		PORT ANGELES, WA MICROPOLITAN STATISTICAL AREA		CLALLAM		BLYN		12,071.00

		487.00		OAK VIEW		OXNARD-THOUSAND OAKS-VENTURA, CA METROPOLITAN STATISTICAL AREA		VENTURA		OAK VIEW		12,071.00

		562.00		SEQUIM		PORT ANGELES, WA MICROPOLITAN STATISTICAL AREA		CLALLAM		BLYN		12,071.00

		425.00		BLACHLY		EUGENE-SPRINGFIELD, OR METROPOLITAN STATISTICAL AREA		LANE		BLACHLY		12,073.00

		159.00		STATEN ISLAND		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		RICHMOND		STATEN ISLAND		12,083.00

		174.00		MC CORDSVILLE		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		HANCOCK		MC CORDSVILLE		12,083.00

		297.00		SAN ANTONIO		SAN ANTONIO, TX METROPOLITAN STATISTICAL AREA		BEXAR		SAN ANTONIO		12,083.00

		659.00		STATEN ISLAND		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		RICHMOND		STATEN ISLAND		12,083.00

		250.00		ESPERANCE		AMSTERDAM, NY MICROPOLITAN STATISTICAL AREA		MONTGOMERY		BURTONSVILLE		12,087.00

		324.00		BAYTOWN		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		BAYWAY		12,097.00

		253.00		SPRINGVILLE		PROVO-OREM, UT METROPOLITAN STATISTICAL AREA		UTAH		SPRINGVILLE		12,101.00

		255.00		PELHAM		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY		INDIAN SPRINGS		12,105.00

		79.00		ARLINGTON		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		ARLINGTON		13,111.00

		579.00		ARLINGTON		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		ARLINGTON		13,111.00

		208.00		SMITHS GROVE		BOWLING GREEN, KY METROPOLITAN STATISTICAL AREA		WARREN		SMITHS GROVE		13,113.00

		35.00		KAPAAU		HILO, HI MICROPOLITAN STATISTICAL AREA		HAWAII		KAPAAU		13,121.00

		460.00		FORT WORTH		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		FORT WORTH		13,121.00

		535.00		KAPAAU		HILO, HI MICROPOLITAN STATISTICAL AREA		HAWAII		KAPAAU		13,121.00

		335.00		PENSACOLA		PENSACOLA-FERRY PASS-BRENT, FL METROPOLITAN STATISTICAL AREA		ESCAMBIA		PENSACOLA		13,151.00

		257.00		SALINAS		SALINAS, CA METROPOLITAN STATISTICAL AREA		MONTEREY		SALINAS		13,175.00

		305.00		WARREN		DETROIT-WARREN-LIVONIA, MI METROPOLITAN STATISTICAL AREA		MACOMB		WARREN		13,245.00

		344.00		READING		READING, PA METROPOLITAN STATISTICAL AREA		BERKS		READING		15,001.00

		28.00		NEW BERN		NEW BERN, NC MICROPOLITAN STATISTICAL AREA		CRAVEN		NEW BERN		15,003.00

		343.00		VALDOSTA		VALDOSTA, GA METROPOLITAN STATISTICAL AREA		LOWNDES		CLYATTVILLE		15,003.00

		453.00		HUTCHINSON		HUTCHINSON, MN MICROPOLITAN STATISTICAL AREA		MCLEOD		CEDAR MILLS		15,003.00

		528.00		NEW BERN		NEW BERN, NC MICROPOLITAN STATISTICAL AREA		CRAVEN		NEW BERN		15,003.00

		5.00		WICHITA		WICHITA, KS METROPOLITAN STATISTICAL AREA		SEDGWICK		WICHITA		16,031.00

		430.00		EAST SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT CLAIR		E SAINT LOUIS		16,031.00

		505.00		WICHITA		WICHITA, KS METROPOLITAN STATISTICAL AREA		SEDGWICK		WICHITA		16,031.00

		134.00		WEST CHESTER		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		CHESTER		W CHESTER		16,043.00

		634.00		WEST CHESTER		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		CHESTER		W CHESTER		16,043.00

		155.00		LOUISVILLE		LOUISVILLE, KY-IN METROPOLITAN STATISTICAL AREA		JEFFERSON		LOUISVILLE		16,047.00

		655.00		LOUISVILLE		LOUISVILLE, KY-IN METROPOLITAN STATISTICAL AREA		JEFFERSON		LOUISVILLE		16,047.00

		39.00		TALLAHASSEE		TALLAHASSEE, FL METROPOLITAN STATISTICAL AREA		LEON		TALLAHASSEE		16,057.00

		464.00		KAPAAU		HILO, HI MICROPOLITAN STATISTICAL AREA		HAWAII		KAPAAU		16,057.00

		539.00		TALLAHASSEE		TALLAHASSEE, FL METROPOLITAN STATISTICAL AREA		LEON		TALLAHASSEE		16,057.00

		131.00		CHESAPEAKE		VIRGINIA BEACH-NORFOLK-NEWPORT NEWS, VA-NC METROPOLITAN STATISTICAL AREA		CHESAPEAKE CITY		CHESAPEAKE		16,083.00

		631.00		CHESAPEAKE		VIRGINIA BEACH-NORFOLK-NEWPORT NEWS, VA-NC METROPOLITAN STATISTICAL AREA		CHESAPEAKE CITY		CHESAPEAKE		16,083.00

		102.00		BRADLEY		KANKAKEE-BRADLEY, IL METROPOLITAN STATISTICAL AREA		KANKAKEE		BRADLEY		17,031.00

		180.00		FAIRFIELD		VALLEJO-FAIRFIELD, CA METROPOLITAN STATISTICAL AREA		SOLANO		FAIRFIELD		17,031.00

		200.00		SPRINGFIELD		SPRINGFIELD, MO METROPOLITAN STATISTICAL AREA		GREENE		SPRINGFIELD		17,031.00

		221.00		KINTNERSVILLE		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		BUCKS		KINTNERSVILLE		17,031.00

		233.00		COLUMBUS		COLUMBUS, MS MICROPOLITAN STATISTICAL AREA		LOWNDES		COLUMBUS		17,031.00

		391.00		SHEBOYGAN		SHEBOYGAN, WI METROPOLITAN STATISTICAL AREA		SHEBOYGAN		HAVEN		17,031.00

		602.00		BRADLEY		KANKAKEE-BRADLEY, IL METROPOLITAN STATISTICAL AREA		KANKAKEE		BRADLEY		17,031.00

		234.00		SMYRNA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		COBB		SMYRNA		17,043.00

		235.00		GREEN BAY		GREEN BAY, WI METROPOLITAN STATISTICAL AREA		BROWN		BELLEVUE		17,063.00

		402.00		SALT LAKE CITY		SALT LAKE CITY, UT METROPOLITAN STATISTICAL AREA		SALT LAKE		GRANGER		17,083.00

		424.00		CADILLAC		CADILLAC, MI MICROPOLITAN STATISTICAL AREA		WEXFORD		CADILLAC		17,097.00

		314.00		CHICAGO		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK		CHICAGO		17,121.00

		352.00		WENATCHEE		WENATCHEE, WA METROPOLITAN STATISTICAL AREA		CHELAN		GRANT ROAD ADDITION		17,163.00

		332.00		GLENOLDEN		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		DELAWARE		BRIARCLIFF		18,003.00

		364.00		LAWTON		LAWTON, OK METROPOLITAN STATISTICAL AREA		COMANCHE		LAWTON		18,011.00

		291.00		NEW CASTLE		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		NEW CASTLE		MANOR		18,021.00

		154.00		IVESDALE		CHAMPAIGN-URBANA, IL METROPOLITAN STATISTICAL AREA		CHAMPAIGN		IVESDALE		18,057.00

		654.00		IVESDALE		CHAMPAIGN-URBANA, IL METROPOLITAN STATISTICAL AREA		CHAMPAIGN		IVESDALE		18,057.00

		222.00		MARION				MCDOWELL		MARION		18,059.00

		261.00		HURST		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		HURST		18,081.00

		413.00		CAPTAIN COOK		HILO, HI MICROPOLITAN STATISTICAL AREA		HAWAII		CAPTAIN COOK		19,013.00

		226.00		GETZVILLE		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE		AMHERST		19,105.00

		229.00		ISABAN				MCDOWELL		ISABAN		19,107.00

		338.00		MILAN		MONROE, MI METROPOLITAN STATISTICAL AREA		MONROE		AUGUSTA TWP		19,159.00

		11.00		SIOUX CITY		SIOUX CITY, IA-NE-SD METROPOLITAN STATISTICAL AREA		WOODBURY		SIOUX CITY		19,165.00

		436.00		GILBERT		PHOENIX-MESA-SCOTTSDALE, AZ METROPOLITAN STATISTICAL AREA		MARICOPA		GILBERT		19,165.00

		511.00		SIOUX CITY		SIOUX CITY, IA-NE-SD METROPOLITAN STATISTICAL AREA		WOODBURY		SIOUX CITY		19,165.00

		151.00		DURHAM		DURHAM, NC METROPOLITAN STATISTICAL AREA		DURHAM		DURHAM		19,193.00

		651.00		DURHAM		DURHAM, NC METROPOLITAN STATISTICAL AREA		DURHAM		DURHAM		19,193.00

		238.00		WAYNESBURG				GREENE		WAYNESBURG		20,015.00

		118.00		MOUNT MORRIS		ROCHESTER, NY METROPOLITAN STATISTICAL AREA		LIVINGSTON		MOUNT MORRIS		20,051.00

		618.00		MOUNT MORRIS		ROCHESTER, NY METROPOLITAN STATISTICAL AREA		LIVINGSTON		MOUNT MORRIS		20,051.00

		341.00		GATE CITY		KINGSPORT-BRISTOL, TN-VA METROPOLITAN STATISTICAL AREA		SCOTT		GATE CITY		21,019.00

		394.00		BASALT		EDWARDS, CO MICROPOLITAN STATISTICAL AREA		EAGLE		BASALT		21,089.00

		381.00		EAST MONTPELIER		BARRE, VT MICROPOLITAN STATISTICAL AREA		WASHINGTON		E MONTPELIER		21,101.00

		156.00		ELKHART		ELKHART-GOSHEN, IN METROPOLITAN STATISTICAL AREA		ELKHART		ELKHART		22,029.00

		656.00		ELKHART		ELKHART-GOSHEN, IN METROPOLITAN STATISTICAL AREA		ELKHART		ELKHART		22,029.00

		401.00		PORTLAND		PORTLAND-VANCOUVER-BEAVERTON, OR-WA METROPOLITAN STATISTICAL AREA		WASHINGTON		LAMBS GARDN HM  CPU		22,063.00

		116.00		MILWAUKEE		MILWAUKEE-WAUKESHA-WEST ALLIS, WI METROPOLITAN STATISTICAL AREA		MILWAUKEE		MILWAUKEE		22,073.00

		616.00		MILWAUKEE		MILWAUKEE-WAUKESHA-WEST ALLIS, WI METROPOLITAN STATISTICAL AREA		MILWAUKEE		MILWAUKEE		22,073.00

		204.00		HASTINGS		HASTINGS, NE MICROPOLITAN STATISTICAL AREA		ADAMS		SPENCER PARK		22,109.00

		292.00		ROMULUS		SENECA FALLS, NY MICROPOLITAN STATISTICAL AREA		SENECA		MAC DOUGALL		22,125.00

		186.00		WAKE FOREST		RALEIGH-CARY, NC METROPOLITAN STATISTICAL AREA		WAKE		WAKE FOREST		23,005.00

		367.00		HYATTSVILLE		WASHINGTON-ARLINGTON-ALEXANDRIA, DC-VA-MD-WV METROPOLITAN STATISTICAL AREA		PRINCE GEORGES		ADELPHI		23,013.00

		88.00		TASLEY				ACCOMACK		TASLEY		23,015.00

		588.00		TASLEY				ACCOMACK		TASLEY		23,015.00

		214.00		WINTER HAVEN		LAKELAND-WINTER HAVEN, FL METROPOLITAN STATISTICAL AREA		POLK		FLORENCE VILLA		23,031.00

		245.00		BURLINGTON		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		BURLINGTON		BURLINGTON		24,003.00

		262.00		WATERLOO		WATERLOO-CEDAR FALLS, IA METROPOLITAN STATISTICAL AREA		BLACK HAWK		WATERLOO		24,027.00

		101.00		CARLTON		ATHENS-CLARKE COUNTY, GA METROPOLITAN STATISTICAL AREA		MADISON		CARLTON		24,031.00

		601.00		CARLTON		ATHENS-CLARKE COUNTY, GA METROPOLITAN STATISTICAL AREA		MADISON		CARLTON		24,031.00

		256.00		STANWOOD		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		SNOHOMISH		CAMANO CITY		24,033.00

		265.00		CARSON CITY		CARSON CITY, NV METROPOLITAN STATISTICAL AREA		CARSON CITY		CARSON CITY		24,033.00

		306.00		GLEN BURNIE		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		ANNE ARUNDEL		GLEN BURNIE		24,033.00

		274.00		WAYNE		DETROIT-WARREN-LIVONIA, MI METROPOLITAN STATISTICAL AREA		WAYNE		CANTON		24,037.00

		10.00		ORLANDO		ORLANDO, FL METROPOLITAN STATISTICAL AREA		ORANGE		LOCKHART		24,043.00

		435.00		PALMYRA		CHARLOTTESVILLE, VA METROPOLITAN STATISTICAL AREA		FLUVANNA		BYBEE		24,043.00

		510.00		ORLANDO		ORLANDO, FL METROPOLITAN STATISTICAL AREA		ORANGE		LOCKHART		24,043.00

		366.00		JEFFERSON CITY		JEFFERSON CITY, MO METROPOLITAN STATISTICAL AREA		COLE		BRAZITO		24,510.00

		405.00		VERNAL		VERNAL, UT MICROPOLITAN STATISTICAL AREA		UINTAH		DRY FORK		25,005.00

		237.00		SUGAR LAND		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		FORT BEND		SUGAR LAND		25,017.00

		277.00		SOUTHBURY		NEW HAVEN-MILFORD, CT METROPOLITAN STATISTICAL AREA		NEW HAVEN		SOUTHBURY		25,017.00

		298.00		CONCORD		CHARLOTTE-GASTONIA-CONCORD, NC-SC METROPOLITAN STATISTICAL AREA		CABARRUS		CONCORD		25,023.00

		122.00		WESTFIELD		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		HAMILTON		WESTFIELD		25,027.00

		622.00		WESTFIELD		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		HAMILTON		WESTFIELD		25,027.00

		269.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		RAMSEY		SAINT PAUL		26,041.00

		319.00		WAYNESBORO		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		BURKE		MUNNERLYN		26,063.00

		264.00		GLENSIDE		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		MONTGOMERY		NORTH HILLS		26,077.00

		272.00		PUYALLUP		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		PIERCE		PUYALLUP		26,081.00

		423.00		SYRACUSE		SYRACUSE, NY METROPOLITAN STATISTICAL AREA		ONONDAGA		GEDDES		26,081.00

		328.00		BETHLEHEM		TORRINGTON, CT MICROPOLITAN STATISTICAL AREA		LITCHFIELD		BETHLEHEM		26,099.00

		223.00		BLOOMFIELD HILLS		DETROIT-WARREN-LIVONIA, MI METROPOLITAN STATISTICAL AREA		OAKLAND		BLOOMFIELD HILLS		26,103.00

		368.00		WILLSHIRE		VAN WERT, OH MICROPOLITAN STATISTICAL AREA		VAN WERT		WILLSHIRE		26,107.00

		1.00		EAST SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT CLAIR		E SAINT LOUIS		26,125.00

		247.00		HOPE				STEELE		COLGATE		26,125.00

		426.00		SAMMAMISH		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		KING		REDMOND		26,125.00

		501.00		EAST SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT CLAIR		E SAINT LOUIS		26,125.00

		188.00		HASTINGS		JACKSONVILLE, FL METROPOLITAN STATISTICAL AREA		SAINT JOHNS		HASTINGS		26,139.00

		98.00		CORDOVA		MEMPHIS, TN-MS-AR METROPOLITAN STATISTICAL AREA		SHELBY		CORDOVA		26,161.00

		598.00		CORDOVA		MEMPHIS, TN-MS-AR METROPOLITAN STATISTICAL AREA		SHELBY		CORDOVA		26,161.00

		94.00		PARK CITY		SALT LAKE CITY, UT METROPOLITAN STATISTICAL AREA		SUMMIT		PARK CITY		26,163.00

		172.00		MEEKER				RIO BLANCO		AXEL		26,163.00

		227.00		BROCKTON		BOSTON-CAMBRIDGE-QUINCY, MA-NH METROPOLITAN STATISTICAL AREA		PLYMOUTH		BROCKTON		26,163.00

		286.00		LITITZ		LANCASTER, PA METROPOLITAN STATISTICAL AREA		LANCASTER		POPLAR GROVE		26,163.00

		361.00		ALEXANDRIA		ALEXANDRIA, LA METROPOLITAN STATISTICAL AREA		RAPIDES		ALEX		26,163.00

		594.00		PARK CITY		SALT LAKE CITY, UT METROPOLITAN STATISTICAL AREA		SUMMIT		PARK CITY		26,163.00

		301.00		FORT WORTH		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		FORT WORTH		27,009.00

		270.00		CROWN POINT		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		LAKE		CROWN POINT		27,019.00

		230.00		EAST SETAUKET		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		SUFFOLK		E SETAUKET		27,021.00

		187.00		QUITMAN				WOOD		OAK GROVE		27,037.00

		404.00		BEL AIR		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		HARFORD		BEL AIR		27,041.00

		225.00		KENNEBUNKPORT		PORTLAND-SOUTH PORTLAND, ME METROPOLITAN STATISTICAL AREA		YORK		KENNEBUNKPORT		27,053.00

		313.00		ONTARIO		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		SAN BERNARDINO		ONTARIO		27,053.00

		411.00		ANCHORAGE		ANCHORAGE, AK METROPOLITAN STATISTICAL AREA		ANCHORAGE		ANCHORAGE		27,053.00

		203.00		INDIANAPOLIS		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		MARION		INDIANAPOLIS		27,123.00

		308.00		HELENA		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY		HELENA		27,123.00

		68.00		SCRANTON		SCRANTON--WILKES-BARRE, PA METROPOLITAN STATISTICAL AREA		LACKAWANNA		SCRANTON		27,137.00

		317.00		CASPER		CASPER, WY METROPOLITAN STATISTICAL AREA		NATRONA		ALLENDALE		27,137.00

		493.00		VAN NUYS		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		VAN NUYS		27,137.00

		568.00		SCRANTON		SCRANTON--WILKES-BARRE, PA METROPOLITAN STATISTICAL AREA		LACKAWANNA		SCRANTON		27,137.00

		164.00		LOUISVILLE		LOUISVILLE, KY-IN METROPOLITAN STATISTICAL AREA		JEFFERSON		FERN CREEK		27,163.00

		383.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		HOLLYWOOD		27,163.00

		406.00		WESTMINSTER		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		ADAMS		DENVER		28,001.00

		302.00		SANDY		SALT LAKE CITY, UT METROPOLITAN STATISTICAL AREA		SALT LAKE		SANDY		28,023.00

		388.00		CUDAHY		MILWAUKEE-WAUKESHA-WEST ALLIS, WI METROPOLITAN STATISTICAL AREA		MILWAUKEE		CUDAHY		28,035.00

		213.00		SPRING		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		RAYFORD		28,051.00

		27.00		DOYLESTOWN		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		BUCKS		GARDENVILLE		28,083.00

		452.00		SARASOTA		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		SARASOTA		SARASOTA		28,083.00

		527.00		DOYLESTOWN		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		BUCKS		GARDENVILLE		28,083.00

		119.00		FORT WORTH		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		FOREST HILL		29,019.00

		619.00		FORT WORTH		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		FOREST HILL		29,019.00

		279.00		WAITE PARK		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS		SAINT CLOUD		29,039.00

		17.00		BLOOMFIELD		FARMINGTON, NM METROPOLITAN STATISTICAL AREA		SAN JUAN		BLOOMFIELD		29,077.00

		442.00		CLEVELAND		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		LIBERTY		CLEVELAND		29,077.00

		517.00		BLOOMFIELD		FARMINGTON, NM METROPOLITAN STATISTICAL AREA		SAN JUAN		BLOOMFIELD		29,077.00

		14.00		VACAVILLE		VALLEJO-FAIRFIELD, CA METROPOLITAN STATISTICAL AREA		SOLANO		VACAVILLE		29,081.00

		439.00		ORLANDO		ORLANDO, FL METROPOLITAN STATISTICAL AREA		ORANGE		LOCKHART		29,081.00

		514.00		VACAVILLE		VALLEJO-FAIRFIELD, CA METROPOLITAN STATISTICAL AREA		SOLANO		VACAVILLE		29,081.00

		414.00		ARVADA		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		JEFFERSON		WESTMINSTER		29,091.00

		72.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		HOUSTON		29,095.00

		497.00		SCRANTON		SCRANTON--WILKES-BARRE, PA METROPOLITAN STATISTICAL AREA		LACKAWANNA		SCRANTON		29,095.00

		572.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		HOUSTON		29,095.00

		182.00		SCOTRUN		EAST STROUDSBURG, PA MICROPOLITAN STATISTICAL AREA		MONROE		SCOTRUN		29,097.00

		307.00		MILNER		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		LAMAR		MILNER		29,165.00

		196.00		BROOKLYN		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		KINGS		BROOKLYN		29,189.00

		287.00		NAPLES		NAPLES-MARCO ISLAND, FL METROPOLITAN STATISTICAL AREA		COLLIER		NAPLES		29,189.00

		412.00		BOISE		BOISE CITY-NAMPA, ID METROPOLITAN STATISTICAL AREA		ADA		BOISE		29,189.00

		93.00		MARION		CEDAR RAPIDS, IA METROPOLITAN STATISTICAL AREA		LINN		INDIAN CREEK		30,029.00

		593.00		MARION		CEDAR RAPIDS, IA METROPOLITAN STATISTICAL AREA		LINN		INDIAN CREEK		30,029.00

		29.00		MONTPELIER				WILLIAMS		MONTPELIER		30,049.00

		454.00		PASADENA		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		PASADENA		30,049.00

		529.00		MONTPELIER				WILLIAMS		MONTPELIER		30,049.00

		32.00		AUSTIN		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		TRAVIS		AUSTIN		30,063.00

		457.00		NEW BERN		NEW BERN, NC MICROPOLITAN STATISTICAL AREA		CRAVEN		NEW BERN		30,063.00

		532.00		AUSTIN		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		TRAVIS		AUSTIN		30,063.00

		283.00		RANCHO CUCAMONGA		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		SAN BERNARDINO		RANCHO CUCAMONGA		30,111.00

		347.00		MILLERSVILLE		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		ANNE ARUNDEL		MILLERSVILLE		31,109.00

		282.00		TOCCOA		TOCCOA, GA MICROPOLITAN STATISTICAL AREA		STEPHENS		TOCCOA		31,155.00

		145.00		SPOKANE		SPOKANE, WA METROPOLITAN STATISTICAL AREA		SPOKANE		SPOKANE		32,003.00

		162.00		ARVADA		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		JEFFERSON		ARVADA		32,003.00

		199.00		INDIANAPOLIS		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		MARION		DREXEL GARDENS		32,003.00

		300.00		INDEPENDENCE		KANSAS CITY, MO-KS METROPOLITAN STATISTICAL AREA		JACKSON		INDEPENDENCE		32,003.00

		309.00		HOOPER		OGDEN-CLEARFIELD, UT METROPOLITAN STATISTICAL AREA		WEBER		HOOPER		32,003.00

		358.00		ENGLEWOOD		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		SARASOTA		ENGLEWOOD		32,003.00

		645.00		SPOKANE		SPOKANE, WA METROPOLITAN STATISTICAL AREA		SPOKANE		SPOKANE		32,003.00

		168.00		TUCSON		TUCSON, AZ METROPOLITAN STATISTICAL AREA		PIMA		TUCSON		32,031.00

		173.00		AMERICAN FORK		PROVO-OREM, UT METROPOLITAN STATISTICAL AREA		UTAH		AM FORK		32,031.00

		369.00		SAN ANTONIO		SAN ANTONIO, TX METROPOLITAN STATISTICAL AREA		BEXAR		LIVE OAK		33,009.00

		275.00		WENATCHEE		WENATCHEE, WA METROPOLITAN STATISTICAL AREA		CHELAN		APPLEYARD		33,015.00

		166.00		COLLEGE STATION		COLLEGE STATION-BRYAN, TX METROPOLITAN STATISTICAL AREA		BRAZOS		COLLEGE STATION		34,005.00

		169.00		ALBUQUERQUE		ALBUQUERQUE, NM METROPOLITAN STATISTICAL AREA		BERNALILLO		ALBUQUERQUE		34,015.00

		193.00		DALLAS		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		DALLAS		DALLAS		34,015.00

		123.00		CHANDLER		PHOENIX-MESA-SCOTTSDALE, AZ METROPOLITAN STATISTICAL AREA		MARICOPA		CHANDLER		34,025.00

		318.00		BAYTOWN		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		BAYTOWN		34,025.00

		623.00		CHANDLER		PHOENIX-MESA-SCOTTSDALE, AZ METROPOLITAN STATISTICAL AREA		MARICOPA		CHANDLER		34,025.00

		340.00		KITTERY POINT		PORTLAND-SOUTH PORTLAND, ME METROPOLITAN STATISTICAL AREA		YORK		KITTERY POINT		34,029.00

		30.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		WASHINGTON		SAINT PAUL		35,001.00

		455.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		HOUSTON		35,001.00

		530.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		WASHINGTON		SAINT PAUL		35,001.00

		8.00		MIDDLETOWN		WINCHESTER, VA-WV METROPOLITAN STATISTICAL AREA		FREDERICK		MIDDLETOWN		35,005.00

		433.00		HOLDINGFORD		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS		HOLDINGFORD		35,005.00

		508.00		MIDDLETOWN		WINCHESTER, VA-WV METROPOLITAN STATISTICAL AREA		FREDERICK		MIDDLETOWN		35,005.00

		26.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		HOUSTON		35,013.00

		451.00		PORTLAND		PORTLAND-VANCOUVER-BEAVERTON, OR-WA METROPOLITAN STATISTICAL AREA		MULTNOMAH		PORTLAND		35,013.00

		526.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		HOUSTON		35,013.00

		100.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		HOUSTON		35,023.00

		600.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		HOUSTON		35,023.00

		152.00		BATTLE CREEK		BATTLE CREEK, MI METROPOLITAN STATISTICAL AREA		CALHOUN		BATTLE CREEK		35,043.00

		652.00		BATTLE CREEK		BATTLE CREEK, MI METROPOLITAN STATISTICAL AREA		CALHOUN		BATTLE CREEK		35,043.00

		3.00		EDWARDS		EDWARDS, CO MICROPOLITAN STATISTICAL AREA		EAGLE		EDWARDS		35,045.00

		428.00		PENSACOLA		PENSACOLA-FERRY PASS-BRENT, FL METROPOLITAN STATISTICAL AREA		ESCAMBIA		PENSACOLA		35,045.00

		503.00		EDWARDS		EDWARDS, CO MICROPOLITAN STATISTICAL AREA		EAGLE		EDWARDS		35,045.00

		232.00		SOUTHBURY		NEW HAVEN-MILFORD, CT METROPOLITAN STATISTICAL AREA		NEW HAVEN		SOUTHBURY		36,005.00

		126.00		FOND DU LAC		FOND DU LAC, WI METROPOLITAN STATISTICAL AREA		FOND DU LAC		FOND DU LAC		36,009.00

		626.00		FOND DU LAC		FOND DU LAC, WI METROPOLITAN STATISTICAL AREA		FOND DU LAC		FOND DU LAC		36,009.00

		303.00		PINELLAS PARK		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		PINELLAS		PINELLAS PARK		36,019.00

		330.00		SPRING		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		SPRING		36,023.00

		362.00		TOLEDO		TOLEDO, OH METROPOLITAN STATISTICAL AREA		LUCAS		TOLEDO		36,029.00

		55.00		NORTH AUGUSTA		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		AIKEN		BEECH ISLAND		36,055.00

		480.00		EL SEGUNDO		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		EL SEGUNDO		36,055.00

		555.00		NORTH AUGUSTA		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		AIKEN		BEECH ISLAND		36,055.00

		284.00		RICEVILLE		ATHENS, TN MICROPOLITAN STATISTICAL AREA		MCMINN		RICEVILLE		36,059.00

		66.00		NEWPORT		HARRISBURG-CARLISLE, PA METROPOLITAN STATISTICAL AREA		PERRY		NEWPORT		36,061.00

		192.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		RAMSEY		SAINT PAUL		36,061.00

		491.00		SEQUIM		PORT ANGELES, WA MICROPOLITAN STATISTICAL AREA		CLALLAM		BLYN		36,061.00

		566.00		NEWPORT		HARRISBURG-CARLISLE, PA METROPOLITAN STATISTICAL AREA		PERRY		NEWPORT		36,061.00

		136.00		BRADENTON		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		MANATEE		BRADENTON		36,065.00

		636.00		BRADENTON		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		MANATEE		BRADENTON		36,065.00

		316.00		WESTON		LOGAN, UT-ID METROPOLITAN STATISTICAL AREA		FRANKLIN		LINROSE		36,077.00

		252.00		MISSOULA		MISSOULA, MT METROPOLITAN STATISTICAL AREA		MISSOULA		MISSOULA		36,081.00

		268.00		BIRMINGHAM		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY		BIRMINGHAM		36,081.00

		326.00		ARLINGTON		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		ARLINGTON		36,081.00

		353.00		OAKLAND CITY		EVANSVILLE, IN-KY METROPOLITAN STATISTICAL AREA		GIBSON		OAKLAND CITY		36,081.00

		50.00		MOUNTAIN CENTER		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		RIVERSIDE		MOUNTAIN CENTER		36,091.00

		475.00		SPOKANE		SPOKANE, WA METROPOLITAN STATISTICAL AREA		SPOKANE		SHADLE GARLAND		36,091.00

		550.00		MOUNTAIN CENTER		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		RIVERSIDE		MOUNTAIN CENTER		36,091.00

		251.00		BROKEN ARROW		TULSA, OK METROPOLITAN STATISTICAL AREA		TULSA		BROKEN ARROW		36,121.00

		9.00		BOX ELDER		RAPID CITY, SD METROPOLITAN STATISTICAL AREA		PENNINGTON		BOX ELDER		37,003.00

		434.00		WICHITA		WICHITA, KS METROPOLITAN STATISTICAL AREA		SEDGWICK		WICHITA		37,003.00

		509.00		BOX ELDER		RAPID CITY, SD METROPOLITAN STATISTICAL AREA		PENNINGTON		BOX ELDER		37,003.00

		129.00		LUTZ		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		HILLSBOROUGH		LUTZ		37,035.00

		629.00		LUTZ		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		HILLSBOROUGH		LUTZ		37,035.00

		191.00		HILLSBORO		DECATUR, AL METROPOLITAN STATISTICAL AREA		LAWRENCE		HILLSBORO		37,055.00

		148.00		CUSSETA		COLUMBUS, GA-AL METROPOLITAN STATISTICAL AREA		CHATTAHOOCHEE		CUSSETA		37,063.00

		648.00		CUSSETA		COLUMBUS, GA-AL METROPOLITAN STATISTICAL AREA		CHATTAHOOCHEE		CUSSETA		37,063.00

		212.00		JOPPA		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		HARFORD		JOPPA		37,071.00

		16.00		KENOSHA		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		KENOSHA		KENOSHA		37,107.00

		441.00		GROVE CITY		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN		GROVE CITY		37,107.00

		516.00		KENOSHA		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		KENOSHA		KENOSHA		37,107.00

		336.00		PRINCE FREDERICK		WASHINGTON-ARLINGTON-ALEXANDRIA, DC-VA-MD-WV METROPOLITAN STATISTICAL AREA		CALVERT		DARES BEACH		37,113.00

		171.00		GARDENDALE		ODESSA, TX METROPOLITAN STATISTICAL AREA		ECTOR		GARDENDALE		37,127.00

		161.00		HARVARD		WORCESTER, MA METROPOLITAN STATISTICAL AREA		WORCESTER		HARVARD		37,155.00

		359.00		KLAMATH FALLS		KLAMATH FALLS, OR MICROPOLITAN STATISTICAL AREA		KLAMATH		KLAMATH FALLS		37,183.00

		153.00		CHARLESTON		CHARLESTON, WV METROPOLITAN STATISTICAL AREA		KANAWHA		BIG CHIMNEY		37,187.00

		653.00		CHARLESTON		CHARLESTON, WV METROPOLITAN STATISTICAL AREA		KANAWHA		BIG CHIMNEY		37,187.00

		375.00		LINDENHURST		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		SUFFOLK		HEER PARK		38,017.00

		184.00		HEALDSBURG		SANTA ROSA-PETALUMA, CA METROPOLITAN STATISTICAL AREA		SONOMA		HEALDSBURG		39,003.00

		386.00		TROY		CHARLOTTESVILLE, VA METROPOLITAN STATISTICAL AREA		FLUVANNA		TROY		39,035.00

		409.00		ROWLETT		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		DALLAS		ROWLETT		39,035.00

		415.00		FARMINGTON		FARMINGTON, MO MICROPOLITAN STATISTICAL AREA		SAINT FRANCOIS		FARMINGTON		39,041.00

		371.00		DEL VALLE		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		TRAVIS		DEL VALLE		39,043.00

		273.00		COLUMBUS		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN		COLUMBUS		39,053.00

		42.00		AURORA		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		ARAPAHOE		AURORA		39,061.00

		467.00		BROOKLAND		JONESBORO, AR METROPOLITAN STATISTICAL AREA		CRAIGHEAD		BROOKLAND		39,061.00

		542.00		AURORA		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		ARAPAHOE		AURORA		39,061.00

		244.00		GRANDVIEW		KANSAS CITY, MO-KS METROPOLITAN STATISTICAL AREA		JACKSON		GRANDVIEW		39,075.00

		220.00		WINTER HAVEN		LAKELAND-WINTER HAVEN, FL METROPOLITAN STATISTICAL AREA		POLK		WINTER HAVEN		39,081.00

		327.00		MIAMI		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		MIAMI-DADE		BISCAYNE PARK		39,095.00

		342.00		VIRGINIA BEACH		VIRGINIA BEACH-NORFOLK-NEWPORT NEWS, VA-NC METROPOLITAN STATISTICAL AREA		VIRGINIA BEACH CITY		VIRGINIA BCH		39,101.00

		70.00		TOLEDO		TOLEDO, OH METROPOLITAN STATISTICAL AREA		LUCAS		TOLEDO		39,153.00

		320.00		NORFOLK		VIRGINIA BEACH-NORFOLK-NEWPORT NEWS, VA-NC METROPOLITAN STATISTICAL AREA		NORFOLK CITY		NORFOLK		39,153.00

		495.00		NEWPORT		HARRISBURG-CARLISLE, PA METROPOLITAN STATISTICAL AREA		PERRY		NEWPORT		39,153.00

		570.00		TOLEDO		TOLEDO, OH METROPOLITAN STATISTICAL AREA		LUCAS		TOLEDO		39,153.00

		331.00		NAUGATUCK		NEW HAVEN-MILFORD, CT METROPOLITAN STATISTICAL AREA		NEW HAVEN		NAUGATUCK		39,155.00

		104.00		ALEXANDER CITY				TALLAPOOSA		ALEX CITY		39,173.00

		604.00		ALEXANDER CITY				TALLAPOOSA		ALEX CITY		39,173.00

		231.00		OMAHA		OMAHA-COUNCIL BLUFFS, NE-IA METROPOLITAN STATISTICAL AREA		DOUGLAS		OMAHA		40,021.00

		89.00		SPRING		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		MONTGOMERY		SPRING		40,079.00

		589.00		SPRING		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		MONTGOMERY		SPRING		40,079.00

		398.00		GRAND FORKS		GRAND FORKS, ND-MN METROPOLITAN STATISTICAL AREA		GRAND FORKS		GRAND FORKS		40,109.00

		144.00		PAWTUCKET		PROVIDENCE-NEW BEDFORD-FALL RIVER, RI-MA METROPOLITAN STATISTICAL AREA		PROVIDENCE		PAWTUCKET		40,115.00

		644.00		PAWTUCKET		PROVIDENCE-NEW BEDFORD-FALL RIVER, RI-MA METROPOLITAN STATISTICAL AREA		PROVIDENCE		PAWTUCKET		40,115.00

		132.00		HARWOOD		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		ANNE ARUNDEL		HARWOOD		40,127.00

		632.00		HARWOOD		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		ANNE ARUNDEL		HARWOOD		40,127.00

		390.00		INGLEWOOD		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		INGLEWOOD		40,133.00

		194.00		SCRANTON		SCRANTON--WILKES-BARRE, PA METROPOLITAN STATISTICAL AREA		LACKAWANNA		SCRANTON		41,005.00

		370.00		LOUISVILLE		BOULDER, CO METROPOLITAN STATISTICAL AREA		BOULDER		LOUISVILLE		41,013.00

		280.00		HARRISONBURG		HARRISONBURG, VA METROPOLITAN STATISTICAL AREA		HARRISONBURG CITY		HARRISBURG		41,017.00

		18.00		ATLANTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		DEKALB		ATL		41,027.00

		443.00		VACAVILLE		VALLEJO-FAIRFIELD, CA METROPOLITAN STATISTICAL AREA		SOLANO		VACAVILLE		41,027.00

		518.00		ATLANTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		DEKALB		ATL		41,027.00

		403.00		ATHENS		HUNTSVILLE, AL METROPOLITAN STATISTICAL AREA		LIMESTONE		ATHENS		41,035.00

		19.00		COLLEGEVILLE		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS		COLLEGEVILLE		41,039.00

		59.00		RICHMOND		RICHMOND, VA METROPOLITAN STATISTICAL AREA		RICHMOND CITY		FOREST HILL		41,039.00

		167.00		FAR ROCKAWAY		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		QUEENS		FAR ROCKAWAY		41,039.00

		400.00		HUTTO		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		WILLIAMSON		HUTTO		41,039.00

		444.00		HINTON				PLYMOUTH		HINTON		41,039.00

		484.00		NORTH AUGUSTA		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		AIKEN		BEECH ISLAND		41,039.00

		519.00		COLLEGEVILLE		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS		COLLEGEVILLE		41,039.00

		559.00		RICHMOND		RICHMOND, VA METROPOLITAN STATISTICAL AREA		RICHMOND CITY		FOREST HILL		41,039.00

		49.00		EAST SYRACUSE		SYRACUSE, NY METROPOLITAN STATISTICAL AREA		ONONDAGA		E SYRACUSE		41,051.00

		140.00		STEPHENS CITY		WINCHESTER, VA-WV METROPOLITAN STATISTICAL AREA		FREDERICK		STEPHENS CITY		41,051.00

		474.00		FLAGLER BEACH		PALM COAST, FL MICROPOLITAN STATISTICAL AREA		FLAGLER		FLAGLER BEACH		41,051.00

		549.00		EAST SYRACUSE		SYRACUSE, NY METROPOLITAN STATISTICAL AREA		ONONDAGA		E SYRACUSE		41,051.00

		640.00		STEPHENS CITY		WINCHESTER, VA-WV METROPOLITAN STATISTICAL AREA		FREDERICK		STEPHENS CITY		41,051.00

		2.00		SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS		BEL NOR		42,003.00

		427.00		KEYSVILLE		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		BURKE		KEYSVILLE		42,003.00

		502.00		SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS		BEL NOR		42,003.00

		224.00		NAPLES		NAPLES-MARCO ISLAND, FL METROPOLITAN STATISTICAL AREA		COLLIER		NAPLES		42,007.00

		80.00		BOZEMAN		BOZEMAN, MT MICROPOLITAN STATISTICAL AREA		GALLATIN		BOZEMAN		42,011.00

		580.00		BOZEMAN		BOZEMAN, MT MICROPOLITAN STATISTICAL AREA		GALLATIN		BOZEMAN		42,011.00

		91.00		TOPEKA		TOPEKA, KS METROPOLITAN STATISTICAL AREA		SHAWNEE		TOPEKA		42,021.00

		591.00		TOPEKA		TOPEKA, KS METROPOLITAN STATISTICAL AREA		SHAWNEE		TOPEKA		42,021.00

		206.00		CROSS PLAINS		NASHVILLE-DAVIDSON--MURFREESBORO, TN METROPOLITAN STATISTICAL AREA		ROBERTSON		CROSS PLAINS		42,029.00

		248.00		TOWNSEND		BOSTON-CAMBRIDGE-QUINCY, MA-NH METROPOLITAN STATISTICAL AREA		MIDDLESEX		TOWNSEND		42,029.00

		249.00		MANTECA		STOCKTON, CA METROPOLITAN STATISTICAL AREA		SAN JOAQUIN		MANTECA		42,033.00

		216.00		SILSBEE		BEAUMONT-PORT ARTHUR, TX METROPOLITAN STATISTICAL AREA		HARDIN		SILSBEE		42,049.00

		205.00		BAKERSFIELD		BAKERSFIELD, CA METROPOLITAN STATISTICAL AREA		KERN		BAKERSFIELD		42,051.00

		422.00		VICKSBURG		VICKSBURG, MS MICROPOLITAN STATISTICAL AREA		WARREN		VICKSBURG		42,051.00

		334.00		AIKEN		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		AIKEN		AIKEN		42,055.00

		323.00		BURLINGTON		MOUNT VERNON-ANACORTES, WA METROPOLITAN STATISTICAL AREA		SKAGIT		ALGER		42,063.00

		372.00		FAIRPORT		ROCHESTER, NY METROPOLITAN STATISTICAL AREA		MONROE		FAIRPORT		42,063.00

		267.00		GRAND JUNCTION		GRAND JUNCTION, CO METROPOLITAN STATISTICAL AREA		MESA		GRAND JCT		42,069.00

		106.00		PENSACOLA		PENSACOLA-FERRY PASS-BRENT, FL METROPOLITAN STATISTICAL AREA		ESCAMBIA		BRENT		42,071.00

		606.00		PENSACOLA		PENSACOLA-FERRY PASS-BRENT, FL METROPOLITAN STATISTICAL AREA		ESCAMBIA		BRENT		42,071.00

		299.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		RAMSEY		SAINT PAUL		42,073.00

		115.00		BLYTHEVILLE		BLYTHEVILLE, AR MICROPOLITAN STATISTICAL AREA		MISSISSIPPI		BLYTHEVILLE		42,081.00

		615.00		BLYTHEVILLE		BLYTHEVILLE, AR MICROPOLITAN STATISTICAL AREA		MISSISSIPPI		BLYTHEVILLE		42,081.00

		266.00		POLK CITY		DES MOINES, IA METROPOLITAN STATISTICAL AREA		POLK		CROCKER		42,087.00

		333.00		BRADENTON		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		MANATEE		BRADEN RIVER		42,089.00

		117.00		BELVIDERE		ROCKFORD, IL METROPOLITAN STATISTICAL AREA		BOONE		BELVIDERE		42,095.00

		228.00		ELLENTON		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		MANATEE		ELLENTON		42,095.00

		263.00		SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS CITY		SAINT LOUIS		42,095.00

		617.00		BELVIDERE		ROCKFORD, IL METROPOLITAN STATISTICAL AREA		BOONE		BELVIDERE		42,095.00

		325.00		MANITOWOC		MANITOWOC, WI MICROPOLITAN STATISTICAL AREA		MANITOWOC		MANITOWOC		42,125.00

		379.00		CUMMING		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		FORSYTH		CUMMING		45,019.00

		218.00		MILFORD		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		ELLIS		IVERSON		45,075.00

		304.00		BOONEVILLE				PRENTISS		ALTITUDE		45,079.00

		419.00		AVA				DOUGLAS		AVA		46,005.00

		105.00		INDIANAPOLIS		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		MARION		INDIANAPOLIS		47,009.00

		605.00		INDIANAPOLIS		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		MARION		INDIANAPOLIS		47,009.00

		147.00		SAINT PETERSBURG		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		PINELLAS		SAINT PETERSBURG		47,029.00

		647.00		SAINT PETERSBURG		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		PINELLAS		SAINT PETERSBURG		47,029.00

		258.00		GREELEY		GREELEY, CO METROPOLITAN STATISTICAL AREA		WELD		GREELEY		47,033.00

		178.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		HOUSTON		47,043.00

		113.00		CHASKA		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		CARVER		CHASKA		47,093.00

		254.00		LAKELAND		LAKELAND-WINTER HAVEN, FL METROPOLITAN STATISTICAL AREA		POLK		LAKELAND		47,093.00

		380.00		NEWFOUNDLAND				WAYNE		NEWFOUNDLAND		47,093.00

		613.00		CHASKA		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		CARVER		CHASKA		47,093.00

		239.00		LEXINGTON PARK		LEXINGTON PARK, MD MICROPOLITAN STATISTICAL AREA		SAINT MARYS		LEX PK		47,119.00

		410.00		GUSTON		LOUISVILLE, KY-IN METROPOLITAN STATISTICAL AREA		MEADE		GUSTON		47,125.00

		190.00		LEWISTON		LEWISTON, ID-WA METROPOLITAN STATISTICAL AREA		NEZ PERCE		LEWISTON		47,157.00

		373.00		HIRAM		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		PAULDING		HIRAM		47,157.00

		355.00		COLTON		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		SAN BERNARDINO		COLTON		47,163.00

		243.00		COLUMBIA		COLUMBIA, SC METROPOLITAN STATISTICAL AREA		RICHLAND		BLUFF ESTATES		48,025.00

		44.00		BOSSIER CITY		SHREVEPORT-BOSSIER CITY, LA METROPOLITAN STATISTICAL AREA		BOSSIER		BOSSIER CITY		48,027.00

		469.00		GLEN ROCK		YORK-HANOVER, PA METROPOLITAN STATISTICAL AREA		YORK		GLEN ROCK		48,027.00

		544.00		BOSSIER CITY		SHREVEPORT-BOSSIER CITY, LA METROPOLITAN STATISTICAL AREA		BOSSIER		BOSSIER CITY		48,027.00

		399.00		VISTA		SAN DIEGO-CARLSBAD-SAN MARCOS, CA METROPOLITAN STATISTICAL AREA		SAN DIEGO		VISTA		48,029.00

		22.00		PORTLAND		PORTLAND-VANCOUVER-BEAVERTON, OR-WA METROPOLITAN STATISTICAL AREA		MULTNOMAH		PORTLAND		48,113.00

		447.00		ATLANTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		DEKALB		ATL		48,113.00

		522.00		PORTLAND		PORTLAND-VANCOUVER-BEAVERTON, OR-WA METROPOLITAN STATISTICAL AREA		MULTNOMAH		PORTLAND		48,113.00

		99.00		HAUBSTADT		EVANSVILLE, IN-KY METROPOLITAN STATISTICAL AREA		GIBSON		HAUBSTADT		48,117.00

		599.00		HAUBSTADT		EVANSVILLE, IN-KY METROPOLITAN STATISTICAL AREA		GIBSON		HAUBSTADT		48,117.00

		384.00		MINNEAPOLIS		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		HENNEPIN		BLOOMINGTON		48,121.00

		210.00		CARMICHAEL		SACRAMENTO--ARDEN-ARCADE--ROSEVILLE, CA METROPOLITAN STATISTICAL AREA		SACRAMENTO		CARMICHAEL		48,141.00

		418.00		NORTH MYRTLE BEACH		MYRTLE BEACH-CONWAY-NORTH MYRTLE BEACH, SC METROPOLITAN STATISTICAL AREA		HORRY		ATLANTIC BEACH		48,145.00

		290.00		BRONX		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		BRONX		BRONX		48,183.00

		56.00		LAWNDALE		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		LAWNDALE		48,187.00

		481.00		GREENSBORO		GREENSBORO-HIGH POINT, NC METROPOLITAN STATISTICAL AREA		GUILFORD		FOREST OAKS		48,187.00

		556.00		LAWNDALE		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		LAWNDALE		48,187.00

		127.00		HEMET		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		RIVERSIDE		HEMET		48,201.00

		175.00		ROSLYN HEIGHTS		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		NASSAU		E HILLS		48,201.00

		195.00		GARDEN CITY		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		NASSAU		GARDEN CITY		48,201.00

		241.00		CHAPEL HILL		DURHAM, NC METROPOLITAN STATISTICAL AREA		ORANGE		CHAPEL HILL		48,201.00

		321.00		MEMPHIS		MEMPHIS, TN-MS-AR METROPOLITAN STATISTICAL AREA		SHELBY		BARTLETT		48,201.00

		389.00		HELENA		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY		HELENA		48,201.00

		408.00		MADISON		MADISON, WI METROPOLITAN STATISTICAL AREA		DANE		MADISON		48,201.00

		417.00		PANORAMA CITY		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		PANORAMA CITY		48,201.00

		627.00		HEMET		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		RIVERSIDE		HEMET		48,201.00

		65.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		HOUSTON		48,223.00

		490.00		TECUMSEH		ADRIAN, MI MICROPOLITAN STATISTICAL AREA		LENAWEE		TECUMSEH		48,223.00

		565.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		HOUSTON		48,223.00

		378.00		HAWTHORNE		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		PASSAIC		HAWTHORNE		48,241.00

		240.00		HIDALGO				JASPER		HIDALGO		48,245.00

		69.00		MILWAUKEE		MILWAUKEE-WAUKESHA-WEST ALLIS, WI METROPOLITAN STATISTICAL AREA		MILWAUKEE		MILWAUKEE		48,303.00

		494.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS		HOUSTON		48,303.00

		569.00		MILWAUKEE		MILWAUKEE-WAUKESHA-WEST ALLIS, WI METROPOLITAN STATISTICAL AREA		MILWAUKEE		MILWAUKEE		48,303.00

		421.00		SPRINGFIELD		SPRINGFIELD, MA METROPOLITAN STATISTICAL AREA		HAMPDEN		SPRINGFIELD		48,423.00

		392.00		BLACKLICK		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN		BLACKLICK		48,491.00

		346.00		DOVER		BOSTON-CAMBRIDGE-QUINCY, MA-NH METROPOLITAN STATISTICAL AREA		NORFOLK		DOVER		49,005.00

		138.00		TAMPA		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		HILLSBOROUGH		TAMPA		49,011.00

		638.00		TAMPA		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		HILLSBOROUGH		TAMPA		49,011.00

		114.00		BROOKLYN		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		KINGS		BROOKLYN		49,019.00

		614.00		BROOKLYN		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		KINGS		BROOKLYN		49,019.00

		96.00		LAKE DALLAS		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		DENTON		LAKE DALLAS		49,035.00

		103.00		BRANDON		JACKSON, MS METROPOLITAN STATISTICAL AREA		RANKIN		BRANDON		49,035.00

		120.00		FLORENCE		FLORENCE, AL METROPOLITAN STATISTICAL AREA		LAUDERDALE		FLORENCE		49,035.00

		349.00		SAINT LOUIS		ALMA, MI MICROPOLITAN STATISTICAL AREA		GRATIOT		SAINT LOUIS		49,035.00

		385.00		MARYVILLE		KNOXVILLE, TN METROPOLITAN STATISTICAL AREA		BLOUNT		MARYVILLE		49,035.00

		596.00		LAKE DALLAS		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		DENTON		LAKE DALLAS		49,035.00

		603.00		BRANDON		JACKSON, MS METROPOLITAN STATISTICAL AREA		RANKIN		BRANDON		49,035.00

		620.00		FLORENCE		FLORENCE, AL METROPOLITAN STATISTICAL AREA		LAUDERDALE		FLORENCE		49,035.00

		281.00		WORCESTER		WORCESTER, MA METROPOLITAN STATISTICAL AREA		WORCESTER		WORCESTER		49,045.00

		47.00		CLARKSBURG		CLARKSBURG, WV MICROPOLITAN STATISTICAL AREA		HARRISON		CLARKSBURG		49,049.00

		124.00		ORLANDO		ORLANDO, FL METROPOLITAN STATISTICAL AREA		ORANGE		HIAWASSEE		49,049.00

		472.00		WAYMART				WAYNE		WAYMART		49,049.00

		547.00		CLARKSBURG		CLARKSBURG, WV MICROPOLITAN STATISTICAL AREA		HARRISON		CLARKSBURG		49,049.00

		624.00		ORLANDO		ORLANDO, FL METROPOLITAN STATISTICAL AREA		ORANGE		HIAWASSEE		49,049.00

		350.00		SCHELLSBURG				BEDFORD		SCHELLSBURG		49,057.00

		360.00		EL PASO		EL PASO, TX METROPOLITAN STATISTICAL AREA		EL PASO		EL PASO		50,009.00

		149.00		SCHOFIELD		WAUSAU, WI METROPOLITAN STATISTICAL AREA		MARATHON		KELLY		51,041.00

		649.00		SCHOFIELD		WAUSAU, WI METROPOLITAN STATISTICAL AREA		MARATHON		KELLY		51,041.00

		13.00		CLEVELAND		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		LIBERTY		CLEVELAND		51,059.00

		438.00		BOX ELDER		RAPID CITY, SD METROPOLITAN STATISTICAL AREA		PENNINGTON		BOX ELDER		51,059.00

		513.00		CLEVELAND		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		LIBERTY		CLEVELAND		51,059.00

		236.00		RIVERSIDE		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		RIVERSIDE		LA SIERRA		51,087.00

		246.00		SOMERSET		SOMERSET, KY MICROPOLITAN STATISTICAL AREA		PULASKI		STAB		51,153.00

		339.00		PETAL		HATTIESBURG, MS METROPOLITAN STATISTICAL AREA		FORREST		HARVEY		51,550.00

		71.00		CANTON		CANTON-MASSILLON, OH METROPOLITAN STATISTICAL AREA		STARK		AKRON CANTON REGION AIRPORT		51,683.00

		496.00		KISSIMMEE		ORLANDO, FL METROPOLITAN STATISTICAL AREA		OSCEOLA		KISSIMMEE		51,683.00

		571.00		CANTON		CANTON-MASSILLON, OH METROPOLITAN STATISTICAL AREA		STARK		AKRON CANTON REGION AIRPORT		51,683.00

		202.00		CINCINNATI		CINCINNATI-MIDDLETOWN, OH-KY-IN METROPOLITAN STATISTICAL AREA		HAMILTON		CINCINNATI		53,005.00

		76.00		MARSHALL		ASHEVILLE, NC METROPOLITAN STATISTICAL AREA		MADISON		MARSHALL		53,007.00

		576.00		MARSHALL		ASHEVILLE, NC METROPOLITAN STATISTICAL AREA		MADISON		MARSHALL		53,007.00

		139.00		PORTLAND		PORTLAND-VANCOUVER-BEAVERTON, OR-WA METROPOLITAN STATISTICAL AREA		MULTNOMAH		BURLINGTON		53,031.00

		639.00		PORTLAND		PORTLAND-VANCOUVER-BEAVERTON, OR-WA METROPOLITAN STATISTICAL AREA		MULTNOMAH		BURLINGTON		53,031.00

		41.00		FORT LAUDERDALE		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		FORT LAUDERDALE		53,033.00

		81.00		JEFFERSON CITY		JEFFERSON CITY, MO METROPOLITAN STATISTICAL AREA		COLE		HONEY CREEK		53,033.00

		87.00		KELLER		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		KELLER		53,033.00

		107.00		CHAPEL HILL		DURHAM, NC METROPOLITAN STATISTICAL AREA		ORANGE		CHAPEL HILL		53,033.00

		110.00		NEW OXFORD		GETTYSBURG, PA MICROPOLITAN STATISTICAL AREA		ADAMS		NEW OXFORD		53,033.00

		356.00		HAMPTON		VIRGINIA BEACH-NORFOLK-NEWPORT NEWS, VA-NC METROPOLITAN STATISTICAL AREA		HAMPTON CITY		HAMPTON		53,033.00

		393.00		BRIGHTON		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		ADAMS		BRIGHTON		53,033.00

		466.00		LOS ANGELES		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		FOY		53,033.00

		541.00		FORT LAUDERDALE		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		FORT LAUDERDALE		53,033.00

		581.00		JEFFERSON CITY		JEFFERSON CITY, MO METROPOLITAN STATISTICAL AREA		COLE		HONEY CREEK		53,033.00

		587.00		KELLER		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT		KELLER		53,033.00

		607.00		CHAPEL HILL		DURHAM, NC METROPOLITAN STATISTICAL AREA		ORANGE		CHAPEL HILL		53,033.00

		610.00		NEW OXFORD		GETTYSBURG, PA MICROPOLITAN STATISTICAL AREA		ADAMS		NEW OXFORD		53,033.00

		51.00		EL SEGUNDO		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		EL SEGUNDO		53,037.00

		476.00		CLARKSBURG		CLARKSBURG, WV MICROPOLITAN STATISTICAL AREA		HARRISON		CLARKSBURG		53,037.00

		551.00		EL SEGUNDO		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES		EL SEGUNDO		53,037.00

		150.00		FAIRFIELD		CINCINNATI-MIDDLETOWN, OH-KY-IN METROPOLITAN STATISTICAL AREA		BUTLER		FAIRFIELD		53,063.00

		650.00		FAIRFIELD		CINCINNATI-MIDDLETOWN, OH-KY-IN METROPOLITAN STATISTICAL AREA		BUTLER		FAIRFIELD		53,063.00

		179.00		ALPHARETTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		FULTON		ALPHARETTA		53,073.00

		407.00		SCHERERVILLE		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		LAKE		SCHERERVILLE		53,073.00

		382.00		HASTINGS		JACKSONVILLE, FL METROPOLITAN STATISTICAL AREA		SAINT JOHNS		HASTINGS		54,033.00

		329.00		JOPLIN		JOPLIN, MO METROPOLITAN STATISTICAL AREA		JASPER		JOPLIN		54,067.00

		198.00		DEERFIELD		MADISON, WI METROPOLITAN STATISTICAL AREA		DANE		DEERFIELD		55,027.00

		315.00		KLAMATH FALLS		KLAMATH FALLS, OR MICROPOLITAN STATISTICAL AREA		KLAMATH		KINGSLEY FIELD		55,033.00

		54.00		DELTA		TALLULAH, LA MICROPOLITAN STATISTICAL AREA		MADISON		DELTA		55,059.00

		479.00		MOUNTAIN CENTER		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		RIVERSIDE		MOUNTAIN CENTER		55,059.00

		554.00		DELTA		TALLULAH, LA MICROPOLITAN STATISTICAL AREA		MADISON		DELTA		55,059.00

		197.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		HOLLYWOOD		55,073.00

		201.00		MECHANICSBURG		HARRISBURG-CARLISLE, PA METROPOLITAN STATISTICAL AREA		CUMBERLAND		NAVY SHIPS		55,079.00

		211.00		LEES SUMMIT		KANSAS CITY, MO-KS METROPOLITAN STATISTICAL AREA		JACKSON		UNITY VILLAGE		55,079.00

		215.00		BILOXI		GULFPORT-BILOXI, MS METROPOLITAN STATISTICAL AREA		HARRISON		BILOXI		55,127.00

		177.00		SUNNYVALE		SAN JOSE-SUNNYVALE-SANTA CLARA, CA METROPOLITAN STATISTICAL AREA		SANTA CLARA		SUNNYVALE		55,133.00

		242.00		BUFFALO		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE		BUFFALO		55,133.00

		128.00		MICKLETON		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		GLOUCESTER		MICKLETON		56,007.00

		628.00		MICKLETON		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		GLOUCESTER		MICKLETON		56,007.00

		52.00		GREENSBORO		GREENSBORO-HIGH POINT, NC METROPOLITAN STATISTICAL AREA		GUILFORD		FOREST OAKS		56,017.00

		477.00		CHICAGO		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK		CHICAGO		56,017.00

		552.00		GREENSBORO		GREENSBORO-HIGH POINT, NC METROPOLITAN STATISTICAL AREA		GUILFORD		FOREST OAKS		56,017.00

		53.00		FORT LAUDERDALE		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		FT LAUDERDALE		56,037.00

		478.00		EAST SYRACUSE		SYRACUSE, NY METROPOLITAN STATISTICAL AREA		ONONDAGA		E SYRACUSE		56,037.00

		553.00		FORT LAUDERDALE		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD		FT LAUDERDALE		56,037.00






justin_voting_data

		case		city		cbsa_tit		county_n		city_ali		Full_FIPS		county_n		Rep_2004		%NWvoters_2004

		88.00		TASLEY				ACCOMACK, VA		TASLEY		23,015.00		ACCOMACK, VA		53.9

		588.00		TASLEY				ACCOMACK, VA		TASLEY		23,015.00		ACCOMACK, VA		53.9

		912.00		BOISE		BOISE CITY-NAMPA, ID METROPOLITAN STATISTICAL AREA		ADA, ID		BOISE				ADA, ID		61.1

		412.00		BOISE		BOISE CITY-NAMPA, ID METROPOLITAN STATISTICAL AREA		ADA, ID		BOISE		29,189.00		ADA, ID		61.1

		893.00		BRIGHTON		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		ADAMS, CO		BRIGHTON				ADAMS, CO		48.2

		906.00		WESTMINSTER		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		ADAMS, CO		DENVER				ADAMS, CO		48.2

		406.00		WESTMINSTER		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		ADAMS, CO		DENVER		28,001.00		ADAMS, CO		48.2

		393.00		BRIGHTON		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		ADAMS, CO		BRIGHTON		53,033.00		ADAMS, CO		48.2

		704.00		HASTINGS		HASTINGS, NE MICROPOLITAN STATISTICAL AREA		ADAMS, NE		SPENCER PARK				ADAMS, NE		69.5

		204.00		HASTINGS		HASTINGS, NE MICROPOLITAN STATISTICAL AREA		ADAMS, NE		SPENCER PARK		22,109.00		ADAMS, NE		69.5

		110.00		NEW OXFORD		GETTYSBURG, PA MICROPOLITAN STATISTICAL AREA		ADAMS, PA		NEW OXFORD		53,033.00		ADAMS, PA		66.9

		610.00		NEW OXFORD		GETTYSBURG, PA MICROPOLITAN STATISTICAL AREA		ADAMS, PA		NEW OXFORD		53,033.00		ADAMS, PA		66.9

		834.00		AIKEN		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		AIKEN, SC		AIKEN				AIKEN, SC		65.7		23

		984.00		NORTH AUGUSTA		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		AIKEN, SC		BEECH ISLAND				AIKEN, SC		65.7		23

		55.00		NORTH AUGUSTA		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		AIKEN, SC		BEECH ISLAND		36,055.00		AIKEN, SC		65.7		23

		555.00		NORTH AUGUSTA		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		AIKEN, SC		BEECH ISLAND		36,055.00		AIKEN, SC		65.7		23

		484.00		NORTH AUGUSTA		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		AIKEN, SC		BEECH ISLAND		41,039.00		AIKEN, SC		65.7		23

		334.00		AIKEN		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		AIKEN, SC		AIKEN		42,055.00		AIKEN, SC		65.7		23

		911.00		ANCHORAGE		ANCHORAGE, AK METROPOLITAN STATISTICAL AREA		ANCHORAGE, AK		ANCHORAGE				ANCHORAGE, AK		61.1

		411.00		ANCHORAGE		ANCHORAGE, AK METROPOLITAN STATISTICAL AREA		ANCHORAGE, AK		ANCHORAGE		27,053.00		ANCHORAGE, AK		61.1

		845.00		AUBURN		LEWISTON-AUBURN, ME METROPOLITAN STATISTICAL AREA		ANDROSCOGGIN, ME		AUBURN				ANDROSCOGGIN, ME		43.7

		345.00		AUBURN		LEWISTON-AUBURN, ME METROPOLITAN STATISTICAL AREA		ANDROSCOGGIN, ME		AUBURN		4,013.00		ANDROSCOGGIN, ME		43.7

		806.00		GLEN BURNIE		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		ANNE ARUNDEL, MD		GLEN BURNIE				ANNE ARUNDEL, MD		55.6

		847.00		MILLERSVILLE		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		ANNE ARUNDEL, MD		MILLERSVILLE				ANNE ARUNDEL, MD		55.6

		306.00		GLEN BURNIE		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		ANNE ARUNDEL, MD		GLEN BURNIE		24,033.00		ANNE ARUNDEL, MD		55.6

		347.00		MILLERSVILLE		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		ANNE ARUNDEL, MD		MILLERSVILLE		31,109.00		ANNE ARUNDEL, MD		55.6

		132.00		HARWOOD		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		ANNE ARUNDEL, MD		HARWOOD		40,127.00		ANNE ARUNDEL, MD		55.6

		632.00		HARWOOD		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		ANNE ARUNDEL, MD		HARWOOD		40,127.00		ANNE ARUNDEL, MD		55.6

		471.00		AURORA		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		ARAPAHOE, CO		AURORA				ARAPAHOE, CO		51.4

		971.00		AURORA		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		ARAPAHOE, CO		AURORA				ARAPAHOE, CO		51.4

		42.00		AURORA		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		ARAPAHOE, CO		AURORA		39,061.00		ARAPAHOE, CO		51.4

		542.00		AURORA		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		ARAPAHOE, CO		AURORA		39,061.00		ARAPAHOE, CO		51.4

		219.00		LEECHBURG		PITTSBURGH, PA METROPOLITAN STATISTICAL AREA		ARMSTRONG, PA		WEST LEECHBURG				ARMSTRONG, PA		60.9

		719.00		LEECHBURG		PITTSBURGH, PA METROPOLITAN STATISTICAL AREA		ARMSTRONG, PA		WEST LEECHBURG				ARMSTRONG, PA		60.9

		916.00		POCATELLO		POCATELLO, ID METROPOLITAN STATISTICAL AREA		BANNOCK, ID		POCATELLO				BANNOCK, ID		61.6

		416.00		POCATELLO		POCATELLO, ID METROPOLITAN STATISTICAL AREA		BANNOCK, ID		POCATELLO		6,077.00		BANNOCK, ID		61.6

		850.00		SCHELLSBURG				BEDFORD, PA		SCHELLSBURG				BEDFORD, PA		73.2

		74.00		NEW PARIS				BEDFORD, PA		NEW PARIS		1,023.00		BEDFORD, PA		73.2

		574.00		NEW PARIS				BEDFORD, PA		NEW PARIS		1,023.00		BEDFORD, PA		73.2

		350.00		SCHELLSBURG				BEDFORD, PA		SCHELLSBURG		49,057.00		BEDFORD, PA		73.2

		844.00		READING		READING, PA METROPOLITAN STATISTICAL AREA		BERKS, PA		READING				BERKS, PA		53

		344.00		READING		READING, PA METROPOLITAN STATISTICAL AREA		BERKS, PA		READING		15,001.00		BERKS, PA		53

		669.00		ALBUQUERQUE		ALBUQUERQUE, NM METROPOLITAN STATISTICAL AREA		BERNALILLO, NM		ALBUQUERQUE				BERNALILLO, NM		47.3

		169.00		ALBUQUERQUE		ALBUQUERQUE, NM METROPOLITAN STATISTICAL AREA		BERNALILLO, NM		ALBUQUERQUE		34,015.00		BERNALILLO, NM		47.3

		797.00		SAN ANTONIO		SAN ANTONIO, TX METROPOLITAN STATISTICAL AREA		BEXAR, TX		SAN ANTONIO				BEXAR, TX		54.9

		869.00		SAN ANTONIO		SAN ANTONIO, TX METROPOLITAN STATISTICAL AREA		BEXAR, TX		LIVE OAK				BEXAR, TX		54.9

		297.00		SAN ANTONIO		SAN ANTONIO, TX METROPOLITAN STATISTICAL AREA		BEXAR, TX		SAN ANTONIO		12,083.00		BEXAR, TX		54.9

		369.00		SAN ANTONIO		SAN ANTONIO, TX METROPOLITAN STATISTICAL AREA		BEXAR, TX		LIVE OAK		33,009.00		BEXAR, TX		54.9

		762.00		WATERLOO		WATERLOO-CEDAR FALLS, IA METROPOLITAN STATISTICAL AREA		BLACK HAWK, IA		WATERLOO				BLACK HAWK, IA		43.9

		262.00		WATERLOO		WATERLOO-CEDAR FALLS, IA METROPOLITAN STATISTICAL AREA		BLACK HAWK, IA		WATERLOO		24,027.00		BLACK HAWK, IA		43.9

		885.00		MARYVILLE		KNOXVILLE, TN METROPOLITAN STATISTICAL AREA		BLOUNT, TN		MARYVILLE				BLOUNT, TN		68.2

		385.00		MARYVILLE		KNOXVILLE, TN METROPOLITAN STATISTICAL AREA		BLOUNT, TN		MARYVILLE		49,035.00		BLOUNT, TN		68.2

		965.00		CLEVELAND		CLEVELAND, MS MICROPOLITAN STATISTICAL AREA		BOLIVAR, MS		CLEVELAND				BOLIVAR, MS		36.2

		465.00		CLEVELAND		CLEVELAND, MS MICROPOLITAN STATISTICAL AREA		BOLIVAR, MS		CLEVELAND		4,013.00		BOLIVAR, MS		36.2

		36.00		CLEVELAND		CLEVELAND, MS MICROPOLITAN STATISTICAL AREA		BOLIVAR, MS		CLEVELAND		6,023.00		BOLIVAR, MS		36.2

		536.00		CLEVELAND		CLEVELAND, MS MICROPOLITAN STATISTICAL AREA		BOLIVAR, MS		CLEVELAND		6,023.00		BOLIVAR, MS		36.2

		117.00		BELVIDERE		ROCKFORD, IL METROPOLITAN STATISTICAL AREA		BOONE, IL		BELVIDERE		42,095.00		BOONE, IL		57

		617.00		BELVIDERE		ROCKFORD, IL METROPOLITAN STATISTICAL AREA		BOONE, IL		BELVIDERE		42,095.00		BOONE, IL		57

		973.00		BOSSIER CITY		SHREVEPORT-BOSSIER CITY, LA METROPOLITAN STATISTICAL AREA		BOSSIER, LA		BOSSIER CITY				BOSSIER, LA		70.3

		473.00		BOSSIER CITY		SHREVEPORT-BOSSIER CITY, LA METROPOLITAN STATISTICAL AREA		BOSSIER, LA		BOSSIER CITY		8,013.00		BOSSIER, LA		70.3

		44.00		BOSSIER CITY		SHREVEPORT-BOSSIER CITY, LA METROPOLITAN STATISTICAL AREA		BOSSIER, LA		BOSSIER CITY		48,027.00		BOSSIER, LA		70.3

		544.00		BOSSIER CITY		SHREVEPORT-BOSSIER CITY, LA METROPOLITAN STATISTICAL AREA		BOSSIER, LA		BOSSIER CITY		48,027.00		BOSSIER, LA		70.3

		870.00		LOUISVILLE		BOULDER, CO METROPOLITAN STATISTICAL AREA		BOULDER, CO		LOUISVILLE				BOULDER, CO		32.4

		370.00		LOUISVILLE		BOULDER, CO METROPOLITAN STATISTICAL AREA		BOULDER, CO		LOUISVILLE		41,013.00		BOULDER, CO		32.4

		666.00		COLLEGE STATION		COLLEGE STATION-BRYAN, TX METROPOLITAN STATISTICAL AREA		BRAZOS, TX		COLLEGE STATION				BRAZOS, TX		69.2

		166.00		COLLEGE STATION		COLLEGE STATION-BRYAN, TX METROPOLITAN STATISTICAL AREA		BRAZOS, TX		COLLEGE STATION		34,005.00		BRAZOS, TX		69.2

		790.00		BRONX		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		BRONX, NY		BRONX				BRONX, NY		16.5

		290.00		BRONX		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		BRONX, NY		BRONX		48,183.00		BRONX, NY		16.5

		125.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		DAVIE				BROWARD, FL		34.6		30.6

		625.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		DAVIE				BROWARD, FL		34.6		30.6

		697.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		HOLLYWOOD				BROWARD, FL		34.6		30.6

		883.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		HOLLYWOOD				BROWARD, FL		34.6		30.6

		949.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		HOLLYWOOD				BROWARD, FL		34.6		30.6

		970.00		FORT LAUDERDALE		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		FORT LAUDERDALE				BROWARD, FL		34.6		30.6

		982.00		FORT LAUDERDALE		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		FT LAUDERDALE				BROWARD, FL		34.6		30.6

		20.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		HOLLYWOOD		4,019.00		BROWARD, FL		34.6		30.6

		520.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		HOLLYWOOD		4,019.00		BROWARD, FL		34.6		30.6

		482.00		FORT LAUDERDALE		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		FT LAUDERDALE		6,063.00		BROWARD, FL		34.6		30.6

		449.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		HOLLYWOOD		6,071.00		BROWARD, FL		34.6		30.6

		470.00		FORT LAUDERDALE		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		FORT LAUDERDALE		12,021.00		BROWARD, FL		34.6		30.6

		383.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		HOLLYWOOD		27,163.00		BROWARD, FL		34.6		30.6

		41.00		FORT LAUDERDALE		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		FORT LAUDERDALE		53,033.00		BROWARD, FL		34.6		30.6

		541.00		FORT LAUDERDALE		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		FORT LAUDERDALE		53,033.00		BROWARD, FL		34.6		30.6

		197.00		HOLLYWOOD		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		HOLLYWOOD		55,073.00		BROWARD, FL		34.6		30.6

		53.00		FORT LAUDERDALE		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		FT LAUDERDALE		56,037.00		BROWARD, FL		34.6		30.6

		553.00		FORT LAUDERDALE		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		BROWARD, FL		FT LAUDERDALE		56,037.00		BROWARD, FL		34.6		30.6

		121.00		DE PERE		GREEN BAY, WI METROPOLITAN STATISTICAL AREA		BROWN, WI		DE PERE				BROWN, WI		54.5

		621.00		DE PERE		GREEN BAY, WI METROPOLITAN STATISTICAL AREA		BROWN, WI		DE PERE				BROWN, WI		54.5

		735.00		GREEN BAY		GREEN BAY, WI METROPOLITAN STATISTICAL AREA		BROWN, WI		BELLEVUE				BROWN, WI		54.5

		235.00		GREEN BAY		GREEN BAY, WI METROPOLITAN STATISTICAL AREA		BROWN, WI		BELLEVUE		17,063.00		BROWN, WI		54.5

		721.00		KINTNERSVILLE		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		BUCKS, PA		KINTNERSVILLE				BUCKS, PA		48.3

		956.00		DOYLESTOWN		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		BUCKS, PA		GARDENVILLE				BUCKS, PA		48.3

		456.00		DOYLESTOWN		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		BUCKS, PA		GARDENVILLE		8,041.00		BUCKS, PA		48.3

		221.00		KINTNERSVILLE		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		BUCKS, PA		KINTNERSVILLE		17,031.00		BUCKS, PA		48.3

		27.00		DOYLESTOWN		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		BUCKS, PA		GARDENVILLE		28,083.00		BUCKS, PA		48.3

		527.00		DOYLESTOWN		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		BUCKS, PA		GARDENVILLE		28,083.00		BUCKS, PA		48.3

		819.00		WAYNESBORO		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		BURKE, GA		MUNNERLYN				BURKE, GA		49.9		47.1

		927.00		KEYSVILLE		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		BURKE, GA		KEYSVILLE				BURKE, GA		49.9		47.1

		319.00		WAYNESBORO		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		BURKE, GA		MUNNERLYN		26,063.00		BURKE, GA		49.9		47.1

		427.00		KEYSVILLE		AUGUSTA-RICHMOND COUNTY, GA-SC METROPOLITAN STATISTICAL AREA		BURKE, GA		KEYSVILLE		42,003.00		BURKE, GA		49.9		47.1

		745.00		BURLINGTON		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		BURLINGTON, NJ		BURLINGTON				BURLINGTON, NJ		36.9

		245.00		BURLINGTON		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		BURLINGTON, NJ		BURLINGTON		24,003.00		BURLINGTON, NJ		36.9

		150.00		FAIRFIELD		CINCINNATI-MIDDLETOWN, OH-KY-IN METROPOLITAN STATISTICAL AREA		BUTLER, OH		FAIRFIELD		53,063.00		BUTLER, OH		65.9

		650.00		FAIRFIELD		CINCINNATI-MIDDLETOWN, OH-KY-IN METROPOLITAN STATISTICAL AREA		BUTLER, OH		FAIRFIELD		53,063.00		BUTLER, OH		65.9

		798.00		CONCORD		CHARLOTTE-GASTONIA-CONCORD, NC-SC METROPOLITAN STATISTICAL AREA		CABARRUS, NC		CONCORD				CABARRUS, NC		67.1

		298.00		CONCORD		CHARLOTTE-GASTONIA-CONCORD, NC-SC METROPOLITAN STATISTICAL AREA		CABARRUS, NC		CONCORD		25,023.00		CABARRUS, NC		67.1

		811.00		HYRUM		LOGAN, UT-ID METROPOLITAN STATISTICAL AREA		CACHE, UT		HYRUM				CACHE, UT		81.8

		311.00		HYRUM		LOGAN, UT-ID METROPOLITAN STATISTICAL AREA		CACHE, UT		HYRUM		6,067.00		CACHE, UT		81.8

		152.00		BATTLE CREEK		BATTLE CREEK, MI METROPOLITAN STATISTICAL AREA		CALHOUN, MI		BATTLE CREEK		35,043.00		CALHOUN, MI		51.2

		652.00		BATTLE CREEK		BATTLE CREEK, MI METROPOLITAN STATISTICAL AREA		CALHOUN, MI		BATTLE CREEK		35,043.00		CALHOUN, MI		51.2

		836.00		PRINCE FREDERICK		WASHINGTON-ARLINGTON-ALEXANDRIA, DC-VA-MD-WV METROPOLITAN STATISTICAL AREA		CALVERT, MD		DARES BEACH				CALVERT, MD		58.5

		336.00		PRINCE FREDERICK		WASHINGTON-ARLINGTON-ALEXANDRIA, DC-VA-MD-WV METROPOLITAN STATISTICAL AREA		CALVERT, MD		DARES BEACH		37,113.00		CALVERT, MD		58.5

		796.00		WILDWOOD		OCEAN CITY, NJ METROPOLITAN STATISTICAL AREA		CAPE MAY, NJ		N WILDWOOD				CAPE MAY, NJ		45.8

		296.00		WILDWOOD		OCEAN CITY, NJ METROPOLITAN STATISTICAL AREA		CAPE MAY, NJ		N WILDWOOD		9,001.00		CAPE MAY, NJ		45.8

		765.00		CARSON CITY		CARSON CITY, NV METROPOLITAN STATISTICAL AREA		CARSON CITY, NV		CARSON CITY				CARSON CITY, NV		57

		265.00		CARSON CITY		CARSON CITY, NV METROPOLITAN STATISTICAL AREA		CARSON CITY, NV		CARSON CITY		24,033.00		CARSON CITY, NV		57

		113.00		CHASKA		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		CARVER, MN		CHASKA		47,093.00		CARVER, MN		62.8

		613.00		CHASKA		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		CARVER, MN		CHASKA		47,093.00		CARVER, MN		62.8

		154.00		IVESDALE		CHAMPAIGN-URBANA, IL METROPOLITAN STATISTICAL AREA		CHAMPAIGN, IL		IVESDALE		18,057.00		CHAMPAIGN, IL		48.4

		654.00		IVESDALE		CHAMPAIGN-URBANA, IL METROPOLITAN STATISTICAL AREA		CHAMPAIGN, IL		IVESDALE		18,057.00		CHAMPAIGN, IL		48.4

		137.00		POOLER		SAVANNAH, GA METROPOLITAN STATISTICAL AREA		CHATHAM, GA		POOLER		8,005.00		CHATHAM, GA		49.7		41

		637.00		POOLER		SAVANNAH, GA METROPOLITAN STATISTICAL AREA		CHATHAM, GA		POOLER		8,005.00		CHATHAM, GA		49.7		41

		148.00		CUSSETA		COLUMBUS, GA-AL METROPOLITAN STATISTICAL AREA		CHATTAHOOCHEE, GA		CUSSETA		37,063.00		CHATTAHOOCHEE, GA		53.6		8.7

		648.00		CUSSETA		COLUMBUS, GA-AL METROPOLITAN STATISTICAL AREA		CHATTAHOOCHEE, GA		CUSSETA		37,063.00		CHATTAHOOCHEE, GA		53.6		8.7

		775.00		WENATCHEE		WENATCHEE, WA METROPOLITAN STATISTICAL AREA		CHELAN, WA		APPLEYARD				CHELAN, WA		62.9

		852.00		WENATCHEE		WENATCHEE, WA METROPOLITAN STATISTICAL AREA		CHELAN, WA		GRANT ROAD ADDITION				CHELAN, WA		62.9

		352.00		WENATCHEE		WENATCHEE, WA METROPOLITAN STATISTICAL AREA		CHELAN, WA		GRANT ROAD ADDITION		17,163.00		CHELAN, WA		62.9

		275.00		WENATCHEE		WENATCHEE, WA METROPOLITAN STATISTICAL AREA		CHELAN, WA		APPLEYARD		33,015.00		CHELAN, WA		62.9

		131.00		CHESAPEAKE		VIRGINIA BEACH-NORFOLK-NEWPORT NEWS, VA-NC METROPOLITAN STATISTICAL AREA		CHESAPEAKE CITY		CHESAPEAKE		16,083.00		CHESAPEAKE CITY		57.1

		631.00		CHESAPEAKE		VIRGINIA BEACH-NORFOLK-NEWPORT NEWS, VA-NC METROPOLITAN STATISTICAL AREA		CHESAPEAKE CITY		CHESAPEAKE		16,083.00		CHESAPEAKE CITY		57.1

		134.00		WEST CHESTER		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		CHESTER, PA		W CHESTER		16,043.00		CHESTER, PA		52

		634.00		WEST CHESTER		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		CHESTER, PA		W CHESTER		16,043.00		CHESTER, PA		52

		685.00		OLDFIELD		SPRINGFIELD, MO METROPOLITAN STATISTICAL AREA		CHRISTIAN, MO		OLDFIELD				CHRISTIAN, MO		70.5

		185.00		OLDFIELD		SPRINGFIELD, MO METROPOLITAN STATISTICAL AREA		CHRISTIAN, MO		OLDFIELD		6,083.00		CHRISTIAN, MO		70.5

		991.00		SEQUIM		PORT ANGELES, WA MICROPOLITAN STATISTICAL AREA		CLALLAM, WA		BLYN				CLALLAM, WA		51.3

		62.00		SEQUIM		PORT ANGELES, WA MICROPOLITAN STATISTICAL AREA		CLALLAM, WA		BLYN		12,071.00		CLALLAM, WA		51.3

		562.00		SEQUIM		PORT ANGELES, WA MICROPOLITAN STATISTICAL AREA		CLALLAM, WA		BLYN		12,071.00		CLALLAM, WA		51.3

		491.00		SEQUIM		PORT ANGELES, WA MICROPOLITAN STATISTICAL AREA		CLALLAM, WA		BLYN		36,061.00		CLALLAM, WA		51.3

		734.00		SMYRNA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		COBB, GA		SMYRNA				COBB, GA		62		24.1

		234.00		SMYRNA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		COBB, GA		SMYRNA		17,043.00		COBB, GA		62		24.1

		863.00		MANCHESTER		TULLAHOMA, TN MICROPOLITAN STATISTICAL AREA		COFFEE, TN		MANCHESTER				COFFEE, TN		58.5

		363.00		MANCHESTER		TULLAHOMA, TN MICROPOLITAN STATISTICAL AREA		COFFEE, TN		MANCHESTER		1,069.00		COFFEE, TN		58.5

		866.00		JEFFERSON CITY		JEFFERSON CITY, MO METROPOLITAN STATISTICAL AREA		COLE, MO		BRAZITO				COLE, MO		67.4

		366.00		JEFFERSON CITY		JEFFERSON CITY, MO METROPOLITAN STATISTICAL AREA		COLE, MO		BRAZITO		24,510.00		COLE, MO		67.4

		81.00		JEFFERSON CITY		JEFFERSON CITY, MO METROPOLITAN STATISTICAL AREA		COLE, MO		HONEY CREEK		53,033.00		COLE, MO		67.4

		581.00		JEFFERSON CITY		JEFFERSON CITY, MO METROPOLITAN STATISTICAL AREA		COLE, MO		HONEY CREEK		53,033.00		COLE, MO		67.4

		724.00		NAPLES		NAPLES-MARCO ISLAND, FL METROPOLITAN STATISTICAL AREA		COLLIER, FL		NAPLES				COLLIER, FL		65		11.4

		787.00		NAPLES		NAPLES-MARCO ISLAND, FL METROPOLITAN STATISTICAL AREA		COLLIER, FL		NAPLES				COLLIER, FL		65		11.4

		287.00		NAPLES		NAPLES-MARCO ISLAND, FL METROPOLITAN STATISTICAL AREA		COLLIER, FL		NAPLES		29,189.00		COLLIER, FL		65		11.4

		224.00		NAPLES		NAPLES-MARCO ISLAND, FL METROPOLITAN STATISTICAL AREA		COLLIER, FL		NAPLES		42,007.00		COLLIER, FL		65		11.4

		864.00		LAWTON		LAWTON, OK METROPOLITAN STATISTICAL AREA		COMANCHE, OK		LAWTON				COMANCHE, OK		63.8

		364.00		LAWTON		LAWTON, OK METROPOLITAN STATISTICAL AREA		COMANCHE, OK		LAWTON		18,011.00		COMANCHE, OK		63.8

		814.00		CHICAGO		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK, IL		CHICAGO				COOK, IL		29.2

		854.00		BROOKFIELD		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK, IL		BROOKFIELD				COOK, IL		29.2

		929.00		TINLEY PARK		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK, IL		CTRY CLUB HLS				COOK, IL		29.2

		977.00		CHICAGO		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK, IL		CHICAGO				COOK, IL		29.2

		354.00		BROOKFIELD		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK, IL		BROOKFIELD		6,107.00		COOK, IL		29.2

		48.00		CHICAGO		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK, IL		CHICAGO		8,013.00		COOK, IL		29.2

		548.00		CHICAGO		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK, IL		CHICAGO		8,013.00		COOK, IL		29.2

		429.00		TINLEY PARK		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK, IL		CTRY CLUB HLS		8,077.00		COOK, IL		29.2

		314.00		CHICAGO		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK, IL		CHICAGO		17,121.00		COOK, IL		29.2

		477.00		CHICAGO		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		COOK, IL		CHICAGO		56,017.00		COOK, IL		29.2

		967.00		BROOKLAND		JONESBORO, AR METROPOLITAN STATISTICAL AREA		CRAIGHEAD, AR		BROOKLAND				CRAIGHEAD, AR		53.1

		38.00		BROOKLAND		JONESBORO, AR METROPOLITAN STATISTICAL AREA		CRAIGHEAD, AR		BROOKLAND		4,013.00		CRAIGHEAD, AR		53.1

		538.00		BROOKLAND		JONESBORO, AR METROPOLITAN STATISTICAL AREA		CRAIGHEAD, AR		BROOKLAND		4,013.00		CRAIGHEAD, AR		53.1

		467.00		BROOKLAND		JONESBORO, AR METROPOLITAN STATISTICAL AREA		CRAIGHEAD, AR		BROOKLAND		39,061.00		CRAIGHEAD, AR		53.1

		957.00		NEW BERN		NEW BERN, NC MICROPOLITAN STATISTICAL AREA		CRAVEN, NC		NEW BERN				CRAVEN, NC		62.4

		28.00		NEW BERN		NEW BERN, NC MICROPOLITAN STATISTICAL AREA		CRAVEN, NC		NEW BERN		15,003.00		CRAVEN, NC		62.4

		528.00		NEW BERN		NEW BERN, NC MICROPOLITAN STATISTICAL AREA		CRAVEN, NC		NEW BERN		15,003.00		CRAVEN, NC		62.4

		457.00		NEW BERN		NEW BERN, NC MICROPOLITAN STATISTICAL AREA		CRAVEN, NC		NEW BERN		30,063.00		CRAVEN, NC		62.4

		63.00		FAYETTEVILLE		FAYETTEVILLE, NC METROPOLITAN STATISTICAL AREA		CUMBERLAND, NC		FAYETTEVILLE				CUMBERLAND, NC		51.6

		563.00		FAYETTEVILLE		FAYETTEVILLE, NC METROPOLITAN STATISTICAL AREA		CUMBERLAND, NC		FAYETTEVILLE				CUMBERLAND, NC		51.6

		992.00		FAYETTEVILLE		FAYETTEVILLE, NC METROPOLITAN STATISTICAL AREA		CUMBERLAND, NC		FAYETTEVILLE				CUMBERLAND, NC		51.6

		492.00		FAYETTEVILLE		FAYETTEVILLE, NC METROPOLITAN STATISTICAL AREA		CUMBERLAND, NC		FAYETTEVILLE		6,085.00		CUMBERLAND, NC		51.6

		701.00		MECHANICSBURG		HARRISBURG-CARLISLE, PA METROPOLITAN STATISTICAL AREA		CUMBERLAND, PA		NAVY SHIPS				CUMBERLAND, PA		63.8

		201.00		MECHANICSBURG		HARRISBURG-CARLISLE, PA METROPOLITAN STATISTICAL AREA		CUMBERLAND, PA		NAVY SHIPS		55,079.00		CUMBERLAND, PA		63.8

		693.00		DALLAS		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		DALLAS, TX		DALLAS				DALLAS, TX		50.4

		909.00		ROWLETT		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		DALLAS, TX		ROWLETT				DALLAS, TX		50.4

		90.00		RICHARDSON		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		DALLAS, TX		BUCKINGHAM		8,059.00		DALLAS, TX		50.4

		590.00		RICHARDSON		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		DALLAS, TX		BUCKINGHAM		8,059.00		DALLAS, TX		50.4

		193.00		DALLAS		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		DALLAS, TX		DALLAS		34,015.00		DALLAS, TX		50.4

		409.00		ROWLETT		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		DALLAS, TX		ROWLETT		39,035.00		DALLAS, TX		50.4

		698.00		DEERFIELD		MADISON, WI METROPOLITAN STATISTICAL AREA		DANE, WI		DEERFIELD				DANE, WI		33

		908.00		MADISON		MADISON, WI METROPOLITAN STATISTICAL AREA		DANE, WI		MADISON				DANE, WI		33

		408.00		MADISON		MADISON, WI METROPOLITAN STATISTICAL AREA		DANE, WI		MADISON		48,201.00		DANE, WI		33

		198.00		DEERFIELD		MADISON, WI METROPOLITAN STATISTICAL AREA		DANE, WI		DEERFIELD		55,027.00		DANE, WI		33

		947.00		ATLANTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		DEKALB, GA		ATL				DEKALB, GA		26.6		57.3

		18.00		ATLANTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		DEKALB, GA		ATL		41,027.00		DEKALB, GA		26.6		57.3

		518.00		ATLANTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		DEKALB, GA		ATL		41,027.00		DEKALB, GA		26.6		57.3

		447.00		ATLANTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		DEKALB, GA		ATL		48,113.00		DEKALB, GA		26.6		57.3

		832.00		GLENOLDEN		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		DELAWARE, PA		BRIARCLIFF				DELAWARE, PA		42.3

		332.00		GLENOLDEN		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		DELAWARE, PA		BRIARCLIFF		18,003.00		DELAWARE, PA		42.3

		96.00		LAKE DALLAS		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		DENTON, TX		LAKE DALLAS		49,035.00		DENTON, TX		70

		596.00		LAKE DALLAS		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		DENTON, TX		LAKE DALLAS		49,035.00		DENTON, TX		70

		919.00		AVA				DOUGLAS, MO		AVA				DOUGLAS, MO		71.1

		419.00		AVA				DOUGLAS, MO		AVA		46,005.00		DOUGLAS, MO		71.1

		731.00		OMAHA		OMAHA-COUNCIL BLUFFS, NE-IA METROPOLITAN STATISTICAL AREA		DOUGLAS, NE		OMAHA				DOUGLAS, NE		58.3

		231.00		OMAHA		OMAHA-COUNCIL BLUFFS, NE-IA METROPOLITAN STATISTICAL AREA		DOUGLAS, NE		OMAHA		40,021.00		DOUGLAS, NE		58.3

		151.00		DURHAM		DURHAM, NC METROPOLITAN STATISTICAL AREA		DURHAM, NC		DURHAM		19,193.00		DURHAM, NC		31.6

		651.00		DURHAM		DURHAM, NC METROPOLITAN STATISTICAL AREA		DURHAM, NC		DURHAM		19,193.00		DURHAM, NC		31.6

		681.00		VAIL		EDWARDS, CO MICROPOLITAN STATISTICAL AREA		EAGLE, CO		EAST VAIL				EAGLE, CO		46.1

		894.00		BASALT		EDWARDS, CO MICROPOLITAN STATISTICAL AREA		EAGLE, CO		BASALT				EAGLE, CO		46.1

		932.00		EDWARDS		EDWARDS, CO MICROPOLITAN STATISTICAL AREA		EAGLE, CO		EDWARDS				EAGLE, CO		46.1

		181.00		VAIL		EDWARDS, CO MICROPOLITAN STATISTICAL AREA		EAGLE, CO		EAST VAIL		6,061.00		EAGLE, CO		46.1

		432.00		EDWARDS		EDWARDS, CO MICROPOLITAN STATISTICAL AREA		EAGLE, CO		EDWARDS		6,073.00		EAGLE, CO		46.1

		394.00		BASALT		EDWARDS, CO MICROPOLITAN STATISTICAL AREA		EAGLE, CO		BASALT		21,089.00		EAGLE, CO		46.1

		3.00		EDWARDS		EDWARDS, CO MICROPOLITAN STATISTICAL AREA		EAGLE, CO		EDWARDS		35,045.00		EAGLE, CO		46.1

		503.00		EDWARDS		EDWARDS, CO MICROPOLITAN STATISTICAL AREA		EAGLE, CO		EDWARDS		35,045.00		EAGLE, CO		46.1

		812.00		BATON ROUGE		BATON ROUGE, LA METROPOLITAN STATISTICAL AREA		EAST BATON ROUGE, LA		BATON ROUGE				EAST BATON ROUGE, LA		54.4

		108.00		BATON ROUGE		BATON ROUGE, LA METROPOLITAN STATISTICAL AREA		EAST BATON ROUGE, LA		BATON ROUGE		6,085.00		EAST BATON ROUGE, LA		54.4

		608.00		BATON ROUGE		BATON ROUGE, LA METROPOLITAN STATISTICAL AREA		EAST BATON ROUGE, LA		BATON ROUGE		6,085.00		EAST BATON ROUGE, LA		54.4

		312.00		BATON ROUGE		BATON ROUGE, LA METROPOLITAN STATISTICAL AREA		EAST BATON ROUGE, LA		BATON ROUGE		6,101.00		EAST BATON ROUGE, LA		54.4

		671.00		GARDENDALE		ODESSA, TX METROPOLITAN STATISTICAL AREA		ECTOR, TX		GARDENDALE				ECTOR, TX		75.7

		171.00		GARDENDALE		ODESSA, TX METROPOLITAN STATISTICAL AREA		ECTOR, TX		GARDENDALE		37,127.00		ECTOR, TX		75.7

		78.00		COLORADO SPRINGS		COLORADO SPRINGS, CO METROPOLITAN STATISTICAL AREA		EL PASO, CO		CO SPGS		6,077.00		EL PASO, CO		66.7

		578.00		COLORADO SPRINGS		COLORADO SPRINGS, CO METROPOLITAN STATISTICAL AREA		EL PASO, CO		CO SPGS		6,077.00		EL PASO, CO		66.7

		860.00		EL PASO		EL PASO, TX METROPOLITAN STATISTICAL AREA		EL PASO, TX		EL PASO				EL PASO, TX		43.2

		360.00		EL PASO		EL PASO, TX METROPOLITAN STATISTICAL AREA		EL PASO, TX		EL PASO		50,009.00		EL PASO, TX		43.2

		156.00		ELKHART		ELKHART-GOSHEN, IN METROPOLITAN STATISTICAL AREA		ELKHART, IN		ELKHART		22,029.00		ELKHART, IN		70

		656.00		ELKHART		ELKHART-GOSHEN, IN METROPOLITAN STATISTICAL AREA		ELKHART, IN		ELKHART		22,029.00		ELKHART, IN		70

		718.00		MILFORD		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		ELLIS, TX		IVERSON				ELLIS, TX		74.5

		218.00		MILFORD		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		ELLIS, TX		IVERSON		45,075.00		ELLIS, TX		74.5

		348.00		DEPEW		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE, NY		LANCASTER				ERIE, NY		41.4

		726.00		GETZVILLE		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE, NY		AMHERST				ERIE, NY		41.4

		742.00		BUFFALO		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE, NY		BUFFALO				ERIE, NY		41.4

		848.00		DEPEW		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE, NY		LANCASTER				ERIE, NY		41.4

		160.00		BUFFALO		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE, NY		BUFFALO		6,059.00		ERIE, NY		41.4

		660.00		BUFFALO		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE, NY		BUFFALO		6,059.00		ERIE, NY		41.4

		95.00		BUFFALO		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE, NY		AMHERST		8,123.00		ERIE, NY		41.4

		595.00		BUFFALO		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE, NY		AMHERST		8,123.00		ERIE, NY		41.4

		226.00		GETZVILLE		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE, NY		AMHERST		19,105.00		ERIE, NY		41.4

		242.00		BUFFALO		BUFFALO-CHEEKTOWAGA-TONAWANDA, NY METROPOLITAN STATISTICAL AREA		ERIE, NY		BUFFALO		55,133.00		ERIE, NY		41.4

		835.00		PENSACOLA		PENSACOLA-FERRY PASS-BRENT, FL METROPOLITAN STATISTICAL AREA		ESCAMBIA, FL		PENSACOLA				ESCAMBIA, FL		65.3		19.9

		928.00		PENSACOLA		PENSACOLA-FERRY PASS-BRENT, FL METROPOLITAN STATISTICAL AREA		ESCAMBIA, FL		PENSACOLA				ESCAMBIA, FL		65.3		19.9

		335.00		PENSACOLA		PENSACOLA-FERRY PASS-BRENT, FL METROPOLITAN STATISTICAL AREA		ESCAMBIA, FL		PENSACOLA		13,151.00		ESCAMBIA, FL		65.3		19.9

		428.00		PENSACOLA		PENSACOLA-FERRY PASS-BRENT, FL METROPOLITAN STATISTICAL AREA		ESCAMBIA, FL		PENSACOLA		35,045.00		ESCAMBIA, FL		65.3		19.9

		106.00		PENSACOLA		PENSACOLA-FERRY PASS-BRENT, FL METROPOLITAN STATISTICAL AREA		ESCAMBIA, FL		BRENT		42,071.00		ESCAMBIA, FL		65.3		19.9

		606.00		PENSACOLA		PENSACOLA-FERRY PASS-BRENT, FL METROPOLITAN STATISTICAL AREA		ESCAMBIA, FL		BRENT		42,071.00		ESCAMBIA, FL		65.3		19.9

		795.00		ORANGE		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		ESSEX, NJ		ORANGE				ESSEX, NJ		46.9

		295.00		ORANGE		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		ESSEX, NJ		ORANGE		12,033.00		ESSEX, NJ		46.9

		974.00		FLAGLER BEACH		PALM COAST, FL MICROPOLITAN STATISTICAL AREA		FLAGLER, FL		FLAGLER BEACH				FLAGLER, FL		51		11.7

		45.00		FLAGLER BEACH		PALM COAST, FL MICROPOLITAN STATISTICAL AREA		FLAGLER, FL		FLAGLER BEACH		12,021.00		FLAGLER, FL		51		11.7

		545.00		FLAGLER BEACH		PALM COAST, FL MICROPOLITAN STATISTICAL AREA		FLAGLER, FL		FLAGLER BEACH		12,021.00		FLAGLER, FL		51		11.7

		474.00		FLAGLER BEACH		PALM COAST, FL MICROPOLITAN STATISTICAL AREA		FLAGLER, FL		FLAGLER BEACH		41,051.00		FLAGLER, FL		51		11.7

		776.00		BLUE RIVER				FLOYD, KY		BLUE RIVER				FLOYD, KY		37

		276.00		BLUE RIVER				FLOYD, KY		BLUE RIVER		12,031.00		FLOYD, KY		37

		886.00		TROY		CHARLOTTESVILLE, VA METROPOLITAN STATISTICAL AREA		FLUVANNA, VA		TROY				FLUVANNA, VA		58.9

		935.00		PALMYRA		CHARLOTTESVILLE, VA METROPOLITAN STATISTICAL AREA		FLUVANNA, VA		BYBEE				FLUVANNA, VA		58.9

		6.00		PALMYRA		CHARLOTTESVILLE, VA METROPOLITAN STATISTICAL AREA		FLUVANNA, VA		BYBEE		6,083.00		FLUVANNA, VA		58.9

		506.00		PALMYRA		CHARLOTTESVILLE, VA METROPOLITAN STATISTICAL AREA		FLUVANNA, VA		BYBEE		6,083.00		FLUVANNA, VA		58.9

		435.00		PALMYRA		CHARLOTTESVILLE, VA METROPOLITAN STATISTICAL AREA		FLUVANNA, VA		BYBEE		24,043.00		FLUVANNA, VA		58.9

		386.00		TROY		CHARLOTTESVILLE, VA METROPOLITAN STATISTICAL AREA		FLUVANNA, VA		TROY		39,035.00		FLUVANNA, VA		58.9

		794.00		FOND DU LAC		FOND DU LAC, WI METROPOLITAN STATISTICAL AREA		FOND DU LAC, WI		NORTH FOND DU LAC				FOND DU LAC, WI		62.8

		294.00		FOND DU LAC		FOND DU LAC, WI METROPOLITAN STATISTICAL AREA		FOND DU LAC, WI		NORTH FOND DU LAC		6,065.00		FOND DU LAC, WI		62.8

		135.00		SAINT CLOUD		FOND DU LAC, WI METROPOLITAN STATISTICAL AREA		FOND DU LAC, WI		SAINT CLOUD		8,013.00		FOND DU LAC, WI		62.8

		635.00		SAINT CLOUD		FOND DU LAC, WI METROPOLITAN STATISTICAL AREA		FOND DU LAC, WI		SAINT CLOUD		8,013.00		FOND DU LAC, WI		62.8

		126.00		FOND DU LAC		FOND DU LAC, WI METROPOLITAN STATISTICAL AREA		FOND DU LAC, WI		FOND DU LAC		36,009.00		FOND DU LAC, WI		62.8

		626.00		FOND DU LAC		FOND DU LAC, WI METROPOLITAN STATISTICAL AREA		FOND DU LAC, WI		FOND DU LAC		36,009.00		FOND DU LAC, WI		62.8

		839.00		PETAL		HATTIESBURG, MS METROPOLITAN STATISTICAL AREA		FORREST, MS		HARVEY				FORREST, MS		61

		339.00		PETAL		HATTIESBURG, MS METROPOLITAN STATISTICAL AREA		FORREST, MS		HARVEY		51,550.00		FORREST, MS		61

		879.00		CUMMING		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		FORSYTH, GA		CUMMING				FORSYTH, GA		83.1		2.7

		379.00		CUMMING		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		FORSYTH, GA		CUMMING		45,019.00		FORSYTH, GA		83.1		2.7

		737.00		SUGAR LAND		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		FORT BEND, TX		SUGAR LAND				FORT BEND, TX		57.4

		237.00		SUGAR LAND		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		FORT BEND, TX		SUGAR LAND		25,017.00		FORT BEND, TX		57.4

		816.00		WESTON		LOGAN, UT-ID METROPOLITAN STATISTICAL AREA		FRANKLIN, ID		LINROSE				FRANKLIN, ID		89.6

		316.00		WESTON		LOGAN, UT-ID METROPOLITAN STATISTICAL AREA		FRANKLIN, ID		LINROSE		36,077.00		FRANKLIN, ID		89.6

		676.00		COLUMBUS		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN, OH		GRANDVIEW				FRANKLIN, OH		45.1

		773.00		COLUMBUS		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN, OH		COLUMBUS				FRANKLIN, OH		45.1

		892.00		BLACKLICK		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN, OH		BLACKLICK				FRANKLIN, OH		45.1

		941.00		GROVE CITY		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN, OH		GROVE CITY				FRANKLIN, OH		45.1

		12.00		GROVE CITY		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN, OH		GROVE CITY		4,019.00		FRANKLIN, OH		45.1

		512.00		GROVE CITY		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN, OH		GROVE CITY		4,019.00		FRANKLIN, OH		45.1

		176.00		COLUMBUS		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN, OH		GRANDVIEW		6,037.00		FRANKLIN, OH		45.1

		441.00		GROVE CITY		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN, OH		GROVE CITY		37,107.00		FRANKLIN, OH		45.1

		273.00		COLUMBUS		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN, OH		COLUMBUS		39,053.00		FRANKLIN, OH		45.1

		392.00		BLACKLICK		COLUMBUS, OH METROPOLITAN STATISTICAL AREA		FRANKLIN, OH		BLACKLICK		48,491.00		FRANKLIN, OH		45.1

		937.00		MIDDLETOWN		WINCHESTER, VA-WV METROPOLITAN STATISTICAL AREA		FREDERICK, VA		MIDDLETOWN				FREDERICK, VA		67.9

		437.00		MIDDLETOWN		WINCHESTER, VA-WV METROPOLITAN STATISTICAL AREA		FREDERICK, VA		MIDDLETOWN		4,019.00		FREDERICK, VA		67.9

		8.00		MIDDLETOWN		WINCHESTER, VA-WV METROPOLITAN STATISTICAL AREA		FREDERICK, VA		MIDDLETOWN		35,005.00		FREDERICK, VA		67.9

		508.00		MIDDLETOWN		WINCHESTER, VA-WV METROPOLITAN STATISTICAL AREA		FREDERICK, VA		MIDDLETOWN		35,005.00		FREDERICK, VA		67.9

		140.00		STEPHENS CITY		WINCHESTER, VA-WV METROPOLITAN STATISTICAL AREA		FREDERICK, VA		STEPHENS CITY		41,051.00		FREDERICK, VA		67.9

		640.00		STEPHENS CITY		WINCHESTER, VA-WV METROPOLITAN STATISTICAL AREA		FREDERICK, VA		STEPHENS CITY		41,051.00		FREDERICK, VA		67.9

		679.00		ALPHARETTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		FULTON, GA		ALPHARETTA				FULTON, GA		39.9		45.4

		986.00		ATLANTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		FULTON, GA		ATL				FULTON, GA		39.9		45.4

		57.00		ATLANTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		FULTON, GA		ATL		6,063.00		FULTON, GA		39.9		45.4

		557.00		ATLANTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		FULTON, GA		ATL		6,063.00		FULTON, GA		39.9		45.4

		486.00		ATLANTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		FULTON, GA		ATL		9,005.00		FULTON, GA		39.9		45.4

		179.00		ALPHARETTA		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		FULTON, GA		ALPHARETTA		53,073.00		FULTON, GA		39.9		45.4

		670.00		BOZEMAN		BOZEMAN, MT MICROPOLITAN STATISTICAL AREA		GALLATIN, MT		BOZEMAN				GALLATIN, MT		56.2

		170.00		BOZEMAN		BOZEMAN, MT MICROPOLITAN STATISTICAL AREA		GALLATIN, MT		BOZEMAN		6,067.00		GALLATIN, MT		56.2

		80.00		BOZEMAN		BOZEMAN, MT MICROPOLITAN STATISTICAL AREA		GALLATIN, MT		BOZEMAN		42,011.00		GALLATIN, MT		56.2

		580.00		BOZEMAN		BOZEMAN, MT MICROPOLITAN STATISTICAL AREA		GALLATIN, MT		BOZEMAN		42,011.00		GALLATIN, MT		56.2

		853.00		OAKLAND CITY		EVANSVILLE, IN-KY METROPOLITAN STATISTICAL AREA		GIBSON, IN		OAKLAND CITY				GIBSON, IN		62.5

		353.00		OAKLAND CITY		EVANSVILLE, IN-KY METROPOLITAN STATISTICAL AREA		GIBSON, IN		OAKLAND CITY		36,081.00		GIBSON, IN		62.5

		99.00		HAUBSTADT		EVANSVILLE, IN-KY METROPOLITAN STATISTICAL AREA		GIBSON, IN		HAUBSTADT		48,117.00		GIBSON, IN		62.5

		599.00		HAUBSTADT		EVANSVILLE, IN-KY METROPOLITAN STATISTICAL AREA		GIBSON, IN		HAUBSTADT		48,117.00		GIBSON, IN		62.5

		128.00		MICKLETON		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		GLOUCESTER, NJ		MICKLETON		56,007.00		GLOUCESTER, NJ		32

		628.00		MICKLETON		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		GLOUCESTER, NJ		MICKLETON		56,007.00		GLOUCESTER, NJ		32

		898.00		GRAND FORKS		GRAND FORKS, ND-MN METROPOLITAN STATISTICAL AREA		GRAND FORKS, ND		GRAND FORKS				GRAND FORKS, ND		56.8

		398.00		GRAND FORKS		GRAND FORKS, ND-MN METROPOLITAN STATISTICAL AREA		GRAND FORKS, ND		GRAND FORKS		40,109.00		GRAND FORKS, ND		56.8

		849.00		SAINT LOUIS		ALMA, MI MICROPOLITAN STATISTICAL AREA		GRATIOT, MI		SAINT LOUIS				GRATIOT, MI		56.6

		349.00		SAINT LOUIS		ALMA, MI MICROPOLITAN STATISTICAL AREA		GRATIOT, MI		SAINT LOUIS		49,035.00		GRATIOT, MI		56.6

		700.00		SPRINGFIELD		SPRINGFIELD, MO METROPOLITAN STATISTICAL AREA		GREENE, MO		SPRINGFIELD				GREENE, MO		62.2

		200.00		SPRINGFIELD		SPRINGFIELD, MO METROPOLITAN STATISTICAL AREA		GREENE, MO		SPRINGFIELD		17,031.00		GREENE, MO		62.2

		738.00		WAYNESBURG				GREENE, PA		WAYNESBURG				GREENE, PA		50

		238.00		WAYNESBURG				GREENE, PA		WAYNESBURG		20,015.00		GREENE, PA		50

		981.00		GREENSBORO		GREENSBORO-HIGH POINT, NC METROPOLITAN STATISTICAL AREA		GUILFORD, NC		FOREST OAKS				GUILFORD, NC		49.3

		481.00		GREENSBORO		GREENSBORO-HIGH POINT, NC METROPOLITAN STATISTICAL AREA		GUILFORD, NC		FOREST OAKS		48,187.00		GUILFORD, NC		49.3

		52.00		GREENSBORO		GREENSBORO-HIGH POINT, NC METROPOLITAN STATISTICAL AREA		GUILFORD, NC		FOREST OAKS		56,017.00		GUILFORD, NC		49.3

		552.00		GREENSBORO		GREENSBORO-HIGH POINT, NC METROPOLITAN STATISTICAL AREA		GUILFORD, NC		FOREST OAKS		56,017.00		GUILFORD, NC		49.3

		122.00		WESTFIELD		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		HAMILTON, IN		WESTFIELD		25,027.00		HAMILTON, IN		74.2

		622.00		WESTFIELD		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		HAMILTON, IN		WESTFIELD		25,027.00		HAMILTON, IN		74.2

		702.00		CINCINNATI		CINCINNATI-MIDDLETOWN, OH-KY-IN METROPOLITAN STATISTICAL AREA		HAMILTON, OH		CINCINNATI				HAMILTON, OH		52.5

		202.00		CINCINNATI		CINCINNATI-MIDDLETOWN, OH-KY-IN METROPOLITAN STATISTICAL AREA		HAMILTON, OH		CINCINNATI		53,005.00		HAMILTON, OH		52.5

		921.00		SPRINGFIELD		SPRINGFIELD, MA METROPOLITAN STATISTICAL AREA		HAMPDEN, MA		SPRINGFIELD				HAMPDEN, MA		38

		421.00		SPRINGFIELD		SPRINGFIELD, MA METROPOLITAN STATISTICAL AREA		HAMPDEN, MA		SPRINGFIELD		48,423.00		HAMPDEN, MA		38

		856.00		HAMPTON		VIRGINIA BEACH-NORFOLK-NEWPORT NEWS, VA-NC METROPOLITAN STATISTICAL AREA		HAMPTON CITY, VA		HAMPTON				HAMPTON CITY, VA		42

		356.00		HAMPTON		VIRGINIA BEACH-NORFOLK-NEWPORT NEWS, VA-NC METROPOLITAN STATISTICAL AREA		HAMPTON CITY, VA		HAMPTON		53,033.00		HAMPTON CITY, VA		42

		674.00		MC CORDSVILLE		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		HANCOCK, IN		MC CORDSVILLE				HANCOCK, IN		74.5

		174.00		MC CORDSVILLE		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		HANCOCK, IN		MC CORDSVILLE		12,083.00		HANCOCK, IN		74.5

		716.00		SILSBEE		BEAUMONT-PORT ARTHUR, TX METROPOLITAN STATISTICAL AREA		HARDIN, TX		SILSBEE				HARDIN, TX		72.6

		216.00		SILSBEE		BEAUMONT-PORT ARTHUR, TX METROPOLITAN STATISTICAL AREA		HARDIN, TX		SILSBEE		42,049.00		HARDIN, TX		72.6

		712.00		JOPPA		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		HARFORD, MD		JOPPA				HARFORD, MD		63.5

		904.00		BEL AIR		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		HARFORD, MD		BEL AIR				HARFORD, MD		63.5

		404.00		BEL AIR		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		HARFORD, MD		BEL AIR		27,041.00		HARFORD, MD		63.5

		212.00		JOPPA		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		HARFORD, MD		JOPPA		37,071.00		HARFORD, MD		63.5

		84.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		HOUSTON				HARRIS, TX		54.8

		584.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		HOUSTON				HARRIS, TX		54.8

		678.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		HOUSTON				HARRIS, TX		54.8

		713.00		SPRING		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		RAYFORD				HARRIS, TX		54.8

		818.00		BAYTOWN		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		BAYTOWN				HARRIS, TX		54.8

		824.00		BAYTOWN		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		BAYWAY				HARRIS, TX		54.8

		830.00		SPRING		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		SPRING				HARRIS, TX		54.8

		955.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		HOUSTON				HARRIS, TX		54.8

		994.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		HOUSTON				HARRIS, TX		54.8

		324.00		BAYTOWN		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		BAYWAY		12,097.00		HARRIS, TX		54.8

		213.00		SPRING		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		RAYFORD		28,051.00		HARRIS, TX		54.8

		72.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		HOUSTON		29,095.00		HARRIS, TX		54.8

		572.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		HOUSTON		29,095.00		HARRIS, TX		54.8

		318.00		BAYTOWN		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		BAYTOWN		34,025.00		HARRIS, TX		54.8

		455.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		HOUSTON		35,001.00		HARRIS, TX		54.8

		26.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		HOUSTON		35,013.00		HARRIS, TX		54.8

		526.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		HOUSTON		35,013.00		HARRIS, TX		54.8

		100.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		HOUSTON		35,023.00		HARRIS, TX		54.8

		600.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		HOUSTON		35,023.00		HARRIS, TX		54.8

		330.00		SPRING		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		SPRING		36,023.00		HARRIS, TX		54.8

		178.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		HOUSTON		47,043.00		HARRIS, TX		54.8

		65.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		HOUSTON		48,223.00		HARRIS, TX		54.8

		565.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		HOUSTON		48,223.00		HARRIS, TX		54.8

		494.00		HOUSTON		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		HARRIS, TX		HOUSTON		48,303.00		HARRIS, TX		54.8

		715.00		BILOXI		GULFPORT-BILOXI, MS METROPOLITAN STATISTICAL AREA		HARRISON, MS		BILOXI				HARRISON, MS		62.8

		215.00		BILOXI		GULFPORT-BILOXI, MS METROPOLITAN STATISTICAL AREA		HARRISON, MS		BILOXI		55,127.00		HARRISON, MS		62.8

		976.00		CLARKSBURG		CLARKSBURG, WV MICROPOLITAN STATISTICAL AREA		HARRISON, WV		CLARKSBURG				HARRISON, WV		55.9

		47.00		CLARKSBURG		CLARKSBURG, WV MICROPOLITAN STATISTICAL AREA		HARRISON, WV		CLARKSBURG		49,049.00		HARRISON, WV		55.9

		547.00		CLARKSBURG		CLARKSBURG, WV MICROPOLITAN STATISTICAL AREA		HARRISON, WV		CLARKSBURG		49,049.00		HARRISON, WV		55.9

		476.00		CLARKSBURG		CLARKSBURG, WV MICROPOLITAN STATISTICAL AREA		HARRISON, WV		CLARKSBURG		53,037.00		HARRISON, WV		55.9

		780.00		HARRISONBURG		HARRISONBURG, VA METROPOLITAN STATISTICAL AREA		HARRISONBURG CITY, VA		HARRISBURG				HARRISONBURG CITY, VA		55.9

		280.00		HARRISONBURG		HARRISONBURG, VA METROPOLITAN STATISTICAL AREA		HARRISONBURG CITY, VA		HARRISBURG		41,017.00		HARRISONBURG CITY, VA		55.9

		913.00		CAPTAIN COOK		HILO, HI MICROPOLITAN STATISTICAL AREA		HAWAII, HI		CAPTAIN COOK				HAWAII, HI		38.2

		964.00		KAPAAU		HILO, HI MICROPOLITAN STATISTICAL AREA		HAWAII, HI		KAPAAU				HAWAII, HI		38.2

		35.00		KAPAAU		HILO, HI MICROPOLITAN STATISTICAL AREA		HAWAII, HI		KAPAAU		13,121.00		HAWAII, HI		38.2

		535.00		KAPAAU		HILO, HI MICROPOLITAN STATISTICAL AREA		HAWAII, HI		KAPAAU		13,121.00		HAWAII, HI		38.2

		464.00		KAPAAU		HILO, HI MICROPOLITAN STATISTICAL AREA		HAWAII, HI		KAPAAU		16,057.00		HAWAII, HI		38.2

		413.00		CAPTAIN COOK		HILO, HI MICROPOLITAN STATISTICAL AREA		HAWAII, HI		CAPTAIN COOK		19,013.00		HAWAII, HI		38.2

		884.00		MINNEAPOLIS		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		HENNEPIN, MN		BLOOMINGTON				HENNEPIN, MN		39.4

		384.00		MINNEAPOLIS		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		HENNEPIN, MN		BLOOMINGTON		48,121.00		HENNEPIN, MN		39.4

		129.00		LUTZ		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		HILLSBOROUGH, FL		LUTZ		37,035.00		HILLSBOROUGH, FL		53		25

		629.00		LUTZ		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		HILLSBOROUGH, FL		LUTZ		37,035.00		HILLSBOROUGH, FL		53		25

		138.00		TAMPA		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		HILLSBOROUGH, FL		TAMPA		49,011.00		HILLSBOROUGH, FL		53		25

		638.00		TAMPA		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		HILLSBOROUGH, FL		TAMPA		49,011.00		HILLSBOROUGH, FL		53		25

		77.00		BONIFAY				HOLMES, FL		BONIFAY		6,089.00		HOLMES, FL		77.3		3.3

		577.00		BONIFAY				HOLMES, FL		BONIFAY		6,089.00		HOLMES, FL		77.3		3.3

		918.00		NORTH MYRTLE BEACH		MYRTLE BEACH-CONWAY-NORTH MYRTLE BEACH, SC METROPOLITAN STATISTICAL AREA		HORRY, SC		ATLANTIC BEACH				HORRY, SC		62		12.9

		418.00		NORTH MYRTLE BEACH		MYRTLE BEACH-CONWAY-NORTH MYRTLE BEACH, SC METROPOLITAN STATISTICAL AREA		HORRY, SC		ATLANTIC BEACH		48,145.00		HORRY, SC		62		12.9

		778.00		BOVEY				ITASCA, MN		BORAY				ITASCA, MN		43.9

		278.00		BOVEY				ITASCA, MN		BORAY		4,013.00		ITASCA, MN		43.9

		711.00		LEES SUMMIT		KANSAS CITY, MO-KS METROPOLITAN STATISTICAL AREA		JACKSON, MO		UNITY VILLAGE				JACKSON, MO		54.1

		744.00		GRANDVIEW		KANSAS CITY, MO-KS METROPOLITAN STATISTICAL AREA		JACKSON, MO		GRANDVIEW				JACKSON, MO		54.1

		800.00		INDEPENDENCE		KANSAS CITY, MO-KS METROPOLITAN STATISTICAL AREA		JACKSON, MO		INDEPENDENCE				JACKSON, MO		54.1

		300.00		INDEPENDENCE		KANSAS CITY, MO-KS METROPOLITAN STATISTICAL AREA		JACKSON, MO		INDEPENDENCE		32,003.00		JACKSON, MO		54.1

		244.00		GRANDVIEW		KANSAS CITY, MO-KS METROPOLITAN STATISTICAL AREA		JACKSON, MO		GRANDVIEW		39,075.00		JACKSON, MO		54.1

		211.00		LEES SUMMIT		KANSAS CITY, MO-KS METROPOLITAN STATISTICAL AREA		JACKSON, MO		UNITY VILLAGE		55,079.00		JACKSON, MO		54.1

		740.00		HIDALGO				JASPER, IL		HIDALGO				JASPER, IL		66.1

		240.00		HIDALGO				JASPER, IL		HIDALGO		48,245.00		JASPER, IL		66.1

		310.00		JOPLIN		JOPLIN, MO METROPOLITAN STATISTICAL AREA		JASPER, MO		CENTRAL CITY				JASPER, MO		70.6

		810.00		JOPLIN		JOPLIN, MO METROPOLITAN STATISTICAL AREA		JASPER, MO		CENTRAL CITY				JASPER, MO		70.6

		829.00		JOPLIN		JOPLIN, MO METROPOLITAN STATISTICAL AREA		JASPER, MO		JOPLIN				JASPER, MO		70.6

		83.00		JOPLIN		JOPLIN, MO METROPOLITAN STATISTICAL AREA		JASPER, MO		BELLE CENTER		4,019.00		JASPER, MO		70.6

		583.00		JOPLIN		JOPLIN, MO METROPOLITAN STATISTICAL AREA		JASPER, MO		BELLE CENTER		4,019.00		JASPER, MO		70.6

		329.00		JOPLIN		JOPLIN, MO METROPOLITAN STATISTICAL AREA		JASPER, MO		JOPLIN		54,067.00		JASPER, MO		70.6

		662.00		ARVADA		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		JEFFERSON, CO		ARVADA				JEFFERSON, CO		51.8

		914.00		ARVADA		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		JEFFERSON, CO		WESTMINSTER				JEFFERSON, CO		51.8

		414.00		ARVADA		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		JEFFERSON, CO		WESTMINSTER		29,091.00		JEFFERSON, CO		51.8

		162.00		ARVADA		DENVER-AURORA, CO METROPOLITAN STATISTICAL AREA		JEFFERSON, CO		ARVADA		32,003.00		JEFFERSON, CO		51.8

		664.00		LOUISVILLE		LOUISVILLE, KY-IN METROPOLITAN STATISTICAL AREA		JEFFERSON, KY		FERN CREEK				JEFFERSON, KY		48.8

		155.00		LOUISVILLE		LOUISVILLE, KY-IN METROPOLITAN STATISTICAL AREA		JEFFERSON, KY		LOUISVILLE		16,047.00		JEFFERSON, KY		48.8

		655.00		LOUISVILLE		LOUISVILLE, KY-IN METROPOLITAN STATISTICAL AREA		JEFFERSON, KY		LOUISVILLE		16,047.00		JEFFERSON, KY		48.8

		164.00		LOUISVILLE		LOUISVILLE, KY-IN METROPOLITAN STATISTICAL AREA		JEFFERSON, KY		FERN CREEK		27,163.00		JEFFERSON, KY		48.8

		289.00		TORONTO		WEIRTON-STEUBENVILLE, WV-OH METROPOLITAN STATISTICAL AREA		JEFFERSON, OH		TORONTO				JEFFERSON, OH		47.3

		789.00		TORONTO		WEIRTON-STEUBENVILLE, WV-OH METROPOLITAN STATISTICAL AREA		JEFFERSON, OH		TORONTO				JEFFERSON, OH		47.3

		153.00		CHARLESTON		CHARLESTON, WV METROPOLITAN STATISTICAL AREA		KANAWHA, WV		BIG CHIMNEY		37,187.00		KANAWHA, WV		50.5

		653.00		CHARLESTON		CHARLESTON, WV METROPOLITAN STATISTICAL AREA		KANAWHA, WV		BIG CHIMNEY		37,187.00		KANAWHA, WV		50.5

		102.00		BRADLEY		KANKAKEE-BRADLEY, IL METROPOLITAN STATISTICAL AREA		KANKAKEE, IL		BRADLEY		17,031.00		KANKAKEE, IL		54.9

		602.00		BRADLEY		KANKAKEE-BRADLEY, IL METROPOLITAN STATISTICAL AREA		KANKAKEE, IL		BRADLEY		17,031.00		KANKAKEE, IL		54.9

		945.00		KENOSHA		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		KENOSHA, WI		KENOSHA				KENOSHA, WI		46.6

		445.00		KENOSHA		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		KENOSHA, WI		KENOSHA		4,019.00		KENOSHA, WI		46.6

		16.00		KENOSHA		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		KENOSHA, WI		KENOSHA		37,107.00		KENOSHA, WI		46.6

		516.00		KENOSHA		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		KENOSHA, WI		KENOSHA		37,107.00		KENOSHA, WI		46.6

		705.00		BAKERSFIELD		BAKERSFIELD, CA METROPOLITAN STATISTICAL AREA		KERN, CA		BAKERSFIELD				KERN, CA		66.5

		205.00		BAKERSFIELD		BAKERSFIELD, CA METROPOLITAN STATISTICAL AREA		KERN, CA		BAKERSFIELD		42,051.00		KERN, CA		66.5

		926.00		SAMMAMISH		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		KING, WA		REDMOND				KING, WA		33.7

		426.00		SAMMAMISH		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		KING, WA		REDMOND		26,125.00		KING, WA		33.7

		696.00		BROOKLYN		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		KINGS, NY		BROOKLYN				KINGS, NY		24.3

		196.00		BROOKLYN		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		KINGS, NY		BROOKLYN		29,189.00		KINGS, NY		24.3

		114.00		BROOKLYN		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		KINGS, NY		BROOKLYN		49,019.00		KINGS, NY		24.3

		614.00		BROOKLYN		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		KINGS, NY		BROOKLYN		49,019.00		KINGS, NY		24.3

		815.00		KLAMATH FALLS		KLAMATH FALLS, OR MICROPOLITAN STATISTICAL AREA		KLAMATH, OR		KINGSLEY FIELD				KLAMATH, OR		72.1

		859.00		KLAMATH FALLS		KLAMATH FALLS, OR MICROPOLITAN STATISTICAL AREA		KLAMATH, OR		KLAMATH FALLS				KLAMATH, OR		72.1

		359.00		KLAMATH FALLS		KLAMATH FALLS, OR MICROPOLITAN STATISTICAL AREA		KLAMATH, OR		KLAMATH FALLS		37,183.00		KLAMATH, OR		72.1

		315.00		KLAMATH FALLS		KLAMATH FALLS, OR MICROPOLITAN STATISTICAL AREA		KLAMATH, OR		KINGSLEY FIELD		55,033.00		KLAMATH, OR		72.1

		694.00		SCRANTON		SCRANTON--WILKES-BARRE, PA METROPOLITAN STATISTICAL AREA		LACKAWANNA, PA		SCRANTON				LACKAWANNA, PA		42.3

		997.00		SCRANTON		SCRANTON--WILKES-BARRE, PA METROPOLITAN STATISTICAL AREA		LACKAWANNA, PA		SCRANTON				LACKAWANNA, PA		42.3

		68.00		SCRANTON		SCRANTON--WILKES-BARRE, PA METROPOLITAN STATISTICAL AREA		LACKAWANNA, PA		SCRANTON		27,137.00		LACKAWANNA, PA		42.3

		568.00		SCRANTON		SCRANTON--WILKES-BARRE, PA METROPOLITAN STATISTICAL AREA		LACKAWANNA, PA		SCRANTON		27,137.00		LACKAWANNA, PA		42.3

		497.00		SCRANTON		SCRANTON--WILKES-BARRE, PA METROPOLITAN STATISTICAL AREA		LACKAWANNA, PA		SCRANTON		29,095.00		LACKAWANNA, PA		42.3

		194.00		SCRANTON		SCRANTON--WILKES-BARRE, PA METROPOLITAN STATISTICAL AREA		LACKAWANNA, PA		SCRANTON		41,005.00		LACKAWANNA, PA		42.3

		141.00		CONCORDIA		KANSAS CITY, MO-KS METROPOLITAN STATISTICAL AREA		LAFAYETTE, MO		CONCORDIA		6,089.00		LAFAYETTE, MO		59.7

		641.00		CONCORDIA		KANSAS CITY, MO-KS METROPOLITAN STATISTICAL AREA		LAFAYETTE, MO		CONCORDIA		6,089.00		LAFAYETTE, MO		59.7

		770.00		CROWN POINT		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		LAKE, IN		CROWN POINT				LAKE, IN		38.2

		907.00		SCHERERVILLE		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		LAKE, IN		SCHERERVILLE				LAKE, IN		38.2

		270.00		CROWN POINT		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		LAKE, IN		CROWN POINT		27,019.00		LAKE, IN		38.2

		407.00		SCHERERVILLE		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		LAKE, IN		SCHERERVILLE		53,073.00		LAKE, IN		38.2

		807.00		MILNER		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		LAMAR, GA		MILNER				LAMAR, GA		62		26.2

		307.00		MILNER		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		LAMAR, GA		MILNER		29,165.00		LAMAR, GA		62		26.2

		786.00		LITITZ		LANCASTER, PA METROPOLITAN STATISTICAL AREA		LANCASTER, PA		POPLAR GROVE				LANCASTER, PA		65.8

		286.00		LITITZ		LANCASTER, PA METROPOLITAN STATISTICAL AREA		LANCASTER, PA		POPLAR GROVE		26,163.00		LANCASTER, PA		65.8

		925.00		BLACHLY		EUGENE-SPRINGFIELD, OR METROPOLITAN STATISTICAL AREA		LANE, OR		BLACHLY				LANE, OR		40.4

		425.00		BLACHLY		EUGENE-SPRINGFIELD, OR METROPOLITAN STATISTICAL AREA		LANE, OR		BLACHLY		12,073.00		LANE, OR		40.4

		120.00		FLORENCE		FLORENCE, AL METROPOLITAN STATISTICAL AREA		LAUDERDALE, AL		FLORENCE		49,035.00		LAUDERDALE, AL		59.7

		620.00		FLORENCE		FLORENCE, AL METROPOLITAN STATISTICAL AREA		LAUDERDALE, AL		FLORENCE		49,035.00		LAUDERDALE, AL		59.7

		691.00		HILLSBORO		DECATUR, AL METROPOLITAN STATISTICAL AREA		LAWRENCE, AL		HILLSBORO				LAWRENCE, AL		55.2

		191.00		HILLSBORO		DECATUR, AL METROPOLITAN STATISTICAL AREA		LAWRENCE, AL		HILLSBORO		37,055.00		LAWRENCE, AL		55.2

		990.00		TECUMSEH		ADRIAN, MI MICROPOLITAN STATISTICAL AREA		LENAWEE, MI		TECUMSEH				LENAWEE, MI		54.6

		61.00		TECUMSEH		ADRIAN, MI MICROPOLITAN STATISTICAL AREA		LENAWEE, MI		TECUMSEH		9,005.00		LENAWEE, MI		54.6

		561.00		TECUMSEH		ADRIAN, MI MICROPOLITAN STATISTICAL AREA		LENAWEE, MI		TECUMSEH		9,005.00		LENAWEE, MI		54.6

		490.00		TECUMSEH		ADRIAN, MI MICROPOLITAN STATISTICAL AREA		LENAWEE, MI		TECUMSEH		48,223.00		LENAWEE, MI		54.6

		968.00		TALLAHASSEE		TALLAHASSEE, FL METROPOLITAN STATISTICAL AREA		LEON, FL		TALLAHASSEE				LEON, FL		37.9		37

		468.00		TALLAHASSEE		TALLAHASSEE, FL METROPOLITAN STATISTICAL AREA		LEON, FL		TALLAHASSEE		6,013.00		LEON, FL		37.9		37

		39.00		TALLAHASSEE		TALLAHASSEE, FL METROPOLITAN STATISTICAL AREA		LEON, FL		TALLAHASSEE		16,057.00		LEON, FL		37.9		37

		539.00		TALLAHASSEE		TALLAHASSEE, FL METROPOLITAN STATISTICAL AREA		LEON, FL		TALLAHASSEE		16,057.00		LEON, FL		37.9		37

		942.00		CLEVELAND		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		LIBERTY, TX		CLEVELAND				LIBERTY, TX		68.3

		442.00		CLEVELAND		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		LIBERTY, TX		CLEVELAND		29,077.00		LIBERTY, TX		68.3

		13.00		CLEVELAND		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		LIBERTY, TX		CLEVELAND		51,059.00		LIBERTY, TX		68.3

		513.00		CLEVELAND		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		LIBERTY, TX		CLEVELAND		51,059.00		LIBERTY, TX		68.3

		903.00		ATHENS		HUNTSVILLE, AL METROPOLITAN STATISTICAL AREA		LIMESTONE, AL		ATHENS				LIMESTONE, AL		67.8

		403.00		ATHENS		HUNTSVILLE, AL METROPOLITAN STATISTICAL AREA		LIMESTONE, AL		ATHENS		41,035.00		LIMESTONE, AL		67.8

		93.00		MARION		CEDAR RAPIDS, IA METROPOLITAN STATISTICAL AREA		LINN, IA		INDIAN CREEK		30,029.00		LINN, IA		44.7

		593.00		MARION		CEDAR RAPIDS, IA METROPOLITAN STATISTICAL AREA		LINN, IA		INDIAN CREEK		30,029.00		LINN, IA		44.7

		828.00		BETHLEHEM		TORRINGTON, CT MICROPOLITAN STATISTICAL AREA		LITCHFIELD, CT		BETHLEHEM				LITCHFIELD, CT		51.9

		328.00		BETHLEHEM		TORRINGTON, CT MICROPOLITAN STATISTICAL AREA		LITCHFIELD, CT		BETHLEHEM		26,099.00		LITCHFIELD, CT		51.9

		683.00		SPRINGFIELD		BATON ROUGE, LA METROPOLITAN STATISTICAL AREA		LIVINGSTON, LA		HEAD OF ISLAND				LIVINGSTON, LA		76.8

		183.00		SPRINGFIELD		BATON ROUGE, LA METROPOLITAN STATISTICAL AREA		LIVINGSTON, LA		HEAD OF ISLAND		5,091.00		LIVINGSTON, LA		76.8

		118.00		MOUNT MORRIS		ROCHESTER, NY METROPOLITAN STATISTICAL AREA		LIVINGSTON, NY		MOUNT MORRIS		20,051.00		LIVINGSTON, NY		59.2

		618.00		MOUNT MORRIS		ROCHESTER, NY METROPOLITAN STATISTICAL AREA		LIVINGSTON, NY		MOUNT MORRIS		20,051.00		LIVINGSTON, NY		59.2

		865.00		CABOT		LITTLE ROCK-NORTH LITTLE ROCK, AR METROPOLITAN STATISTICAL AREA		LONOKE, AR		CABOT				LONOKE, AR		65.4

		365.00		CABOT		LITTLE ROCK-NORTH LITTLE ROCK, AR METROPOLITAN STATISTICAL AREA		LONOKE, AR		CABOT		6,025.00		LONOKE, AR		65.4

		37.00		LOS ANGELES		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		FOY				LOS ANGELES, CA		35.6

		537.00		LOS ANGELES		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		FOY				LOS ANGELES, CA		35.6

		890.00		INGLEWOOD		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		INGLEWOOD				LOS ANGELES, CA		35.6

		917.00		PANORAMA CITY		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		PANORAMA CITY				LOS ANGELES, CA		35.6

		954.00		PASADENA		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		PASADENA				LOS ANGELES, CA		35.6

		966.00		LOS ANGELES		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		FOY				LOS ANGELES, CA		35.6

		980.00		EL SEGUNDO		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		EL SEGUNDO				LOS ANGELES, CA		35.6

		985.00		LAWNDALE		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		LAWNDALE				LOS ANGELES, CA		35.6

		993.00		VAN NUYS		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		VAN NUYS				LOS ANGELES, CA		35.6

		25.00		PASADENA		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		PASADENA		2,020.00		LOS ANGELES, CA		35.6

		525.00		PASADENA		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		PASADENA		2,020.00		LOS ANGELES, CA		35.6

		64.00		VAN NUYS		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		VAN NUYS		6,041.00		LOS ANGELES, CA		35.6

		564.00		VAN NUYS		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		VAN NUYS		6,041.00		LOS ANGELES, CA		35.6

		485.00		LAWNDALE		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		LAWNDALE		6,107.00		LOS ANGELES, CA		35.6

		493.00		VAN NUYS		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		VAN NUYS		27,137.00		LOS ANGELES, CA		35.6

		454.00		PASADENA		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		PASADENA		30,049.00		LOS ANGELES, CA		35.6

		480.00		EL SEGUNDO		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		EL SEGUNDO		36,055.00		LOS ANGELES, CA		35.6

		390.00		INGLEWOOD		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		INGLEWOOD		40,133.00		LOS ANGELES, CA		35.6

		56.00		LAWNDALE		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		LAWNDALE		48,187.00		LOS ANGELES, CA		35.6

		556.00		LAWNDALE		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		LAWNDALE		48,187.00		LOS ANGELES, CA		35.6

		417.00		PANORAMA CITY		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		PANORAMA CITY		48,201.00		LOS ANGELES, CA		35.6

		466.00		LOS ANGELES		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		FOY		53,033.00		LOS ANGELES, CA		35.6

		51.00		EL SEGUNDO		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		EL SEGUNDO		53,037.00		LOS ANGELES, CA		35.6

		551.00		EL SEGUNDO		LOS ANGELES-LONG BEACH-SANTA ANA, CA METROPOLITAN STATISTICAL AREA		LOS ANGELES, CA		EL SEGUNDO		53,037.00		LOS ANGELES, CA		35.6

		843.00		VALDOSTA		VALDOSTA, GA METROPOLITAN STATISTICAL AREA		LOWNDES, GA		CLYATTVILLE				LOWNDES, GA		60		30.5

		343.00		VALDOSTA		VALDOSTA, GA METROPOLITAN STATISTICAL AREA		LOWNDES, GA		CLYATTVILLE		15,003.00		LOWNDES, GA		60		30.5

		733.00		COLUMBUS		COLUMBUS, MS MICROPOLITAN STATISTICAL AREA		LOWNDES, MS		COLUMBUS				LOWNDES, MS		56.4

		233.00		COLUMBUS		COLUMBUS, MS MICROPOLITAN STATISTICAL AREA		LOWNDES, MS		COLUMBUS		17,031.00		LOWNDES, MS		56.4

		862.00		TOLEDO		TOLEDO, OH METROPOLITAN STATISTICAL AREA		LUCAS, OH		TOLEDO				LUCAS, OH		39.5

		999.00		TOLEDO		TOLEDO, OH METROPOLITAN STATISTICAL AREA		LUCAS, OH		TOLEDO				LUCAS, OH		39.5

		499.00		TOLEDO		TOLEDO, OH METROPOLITAN STATISTICAL AREA		LUCAS, OH		TOLEDO		1,023.00		LUCAS, OH		39.5

		362.00		TOLEDO		TOLEDO, OH METROPOLITAN STATISTICAL AREA		LUCAS, OH		TOLEDO		36,029.00		LUCAS, OH		39.5

		70.00		TOLEDO		TOLEDO, OH METROPOLITAN STATISTICAL AREA		LUCAS, OH		TOLEDO		39,153.00		LUCAS, OH		39.5

		570.00		TOLEDO		TOLEDO, OH METROPOLITAN STATISTICAL AREA		LUCAS, OH		TOLEDO		39,153.00		LUCAS, OH		39.5

		73.00		BALATON		MARSHALL, MN MICROPOLITAN STATISTICAL AREA		LYON, MN		BALATON		1,037.00		LYON, MN		56.8

		573.00		BALATON		MARSHALL, MN MICROPOLITAN STATISTICAL AREA		LYON, MN		BALATON		1,037.00		LYON, MN		56.8

		717.00		STERLING HEIGHTS		DETROIT-WARREN-LIVONIA, MI METROPOLITAN STATISTICAL AREA		MACOMB, MI		STERLING HEIGHTS				MACOMB, MI		50.2

		805.00		WARREN		DETROIT-WARREN-LIVONIA, MI METROPOLITAN STATISTICAL AREA		MACOMB, MI		WARREN				MACOMB, MI		50.2

		217.00		STERLING HEIGHTS		DETROIT-WARREN-LIVONIA, MI METROPOLITAN STATISTICAL AREA		MACOMB, MI		STERLING HEIGHTS		1,055.00		MACOMB, MI		50.2

		305.00		WARREN		DETROIT-WARREN-LIVONIA, MI METROPOLITAN STATISTICAL AREA		MACOMB, MI		WARREN		13,245.00		MACOMB, MI		50.2

		101.00		CARLTON		ATHENS-CLARKE COUNTY, GA METROPOLITAN STATISTICAL AREA		MADISON, GA		CARLTON		24,031.00		MADISON, GA		73.7		7.6

		601.00		CARLTON		ATHENS-CLARKE COUNTY, GA METROPOLITAN STATISTICAL AREA		MADISON, GA		CARLTON		24,031.00		MADISON, GA		73.7		7.6

		133.00		GRANITE CITY		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		MADISON, IL		GRANITE CITY		8,001.00		MADISON, IL		48

		633.00		GRANITE CITY		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		MADISON, IL		GRANITE CITY		8,001.00		MADISON, IL		48

		983.00		DELTA		TALLULAH, LA MICROPOLITAN STATISTICAL AREA		MADISON, LA		DELTA				MADISON, LA		49

		483.00		DELTA		TALLULAH, LA MICROPOLITAN STATISTICAL AREA		MADISON, LA		DELTA		6,069.00		MADISON, LA		49

		54.00		DELTA		TALLULAH, LA MICROPOLITAN STATISTICAL AREA		MADISON, LA		DELTA		55,059.00		MADISON, LA		49

		554.00		DELTA		TALLULAH, LA MICROPOLITAN STATISTICAL AREA		MADISON, LA		DELTA		55,059.00		MADISON, LA		49

		76.00		MARSHALL		ASHEVILLE, NC METROPOLITAN STATISTICAL AREA		MADISON, NC		MARSHALL		53,007.00		MADISON, NC		54.7

		576.00		MARSHALL		ASHEVILLE, NC METROPOLITAN STATISTICAL AREA		MADISON, NC		MARSHALL		53,007.00		MADISON, NC		54.7

		728.00		ELLENTON		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		MANATEE, FL		ELLENTON				MANATEE, FL		56.6		9.1

		833.00		BRADENTON		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		MANATEE, FL		BRADEN RIVER				MANATEE, FL		56.6		9.1

		136.00		BRADENTON		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		MANATEE, FL		BRADENTON		36,065.00		MANATEE, FL		56.6		9.1

		636.00		BRADENTON		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		MANATEE, FL		BRADENTON		36,065.00		MANATEE, FL		56.6		9.1

		333.00		BRADENTON		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		MANATEE, FL		BRADEN RIVER		42,089.00		MANATEE, FL		56.6		9.1

		228.00		ELLENTON		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		MANATEE, FL		ELLENTON		42,095.00		MANATEE, FL		56.6		9.1

		825.00		MANITOWOC		MANITOWOC, WI MICROPOLITAN STATISTICAL AREA		MANITOWOC, WI		MANITOWOC				MANITOWOC, WI		52.1

		325.00		MANITOWOC		MANITOWOC, WI MICROPOLITAN STATISTICAL AREA		MANITOWOC, WI		MANITOWOC		42,125.00		MANITOWOC, WI		52.1

		149.00		SCHOFIELD		WAUSAU, WI METROPOLITAN STATISTICAL AREA		MARATHON, WI		KELLY		51,041.00		MARATHON, WI		53.5

		649.00		SCHOFIELD		WAUSAU, WI METROPOLITAN STATISTICAL AREA		MARATHON, WI		KELLY		51,041.00		MARATHON, WI		53.5

		707.00		MESA		PHOENIX-MESA-SCOTTSDALE, AZ METROPOLITAN STATISTICAL AREA		MARICOPA, AZ		MESA				MARICOPA, AZ		57

		936.00		GILBERT		PHOENIX-MESA-SCOTTSDALE, AZ METROPOLITAN STATISTICAL AREA		MARICOPA, AZ		GILBERT				MARICOPA, AZ		57

		7.00		GILBERT		PHOENIX-MESA-SCOTTSDALE, AZ METROPOLITAN STATISTICAL AREA		MARICOPA, AZ		GILBERT		6,073.00		MARICOPA, AZ		57

		207.00		MESA		PHOENIX-MESA-SCOTTSDALE, AZ METROPOLITAN STATISTICAL AREA		MARICOPA, AZ		MESA		6,073.00		MARICOPA, AZ		57

		507.00		GILBERT		PHOENIX-MESA-SCOTTSDALE, AZ METROPOLITAN STATISTICAL AREA		MARICOPA, AZ		GILBERT		6,073.00		MARICOPA, AZ		57

		436.00		GILBERT		PHOENIX-MESA-SCOTTSDALE, AZ METROPOLITAN STATISTICAL AREA		MARICOPA, AZ		GILBERT		19,165.00		MARICOPA, AZ		57

		123.00		CHANDLER		PHOENIX-MESA-SCOTTSDALE, AZ METROPOLITAN STATISTICAL AREA		MARICOPA, AZ		CHANDLER		34,025.00		MARICOPA, AZ		57

		623.00		CHANDLER		PHOENIX-MESA-SCOTTSDALE, AZ METROPOLITAN STATISTICAL AREA		MARICOPA, AZ		CHANDLER		34,025.00		MARICOPA, AZ		57

		699.00		INDIANAPOLIS		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		MARION, IN		DREXEL GARDENS				MARION, IN		48.7

		703.00		INDIANAPOLIS		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		MARION, IN		INDIANAPOLIS				MARION, IN		48.7

		203.00		INDIANAPOLIS		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		MARION, IN		INDIANAPOLIS		27,123.00		MARION, IN		48.7

		199.00		INDIANAPOLIS		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		MARION, IN		DREXEL GARDENS		32,003.00		MARION, IN		48.7

		105.00		INDIANAPOLIS		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		MARION, IN		INDIANAPOLIS		47,009.00		MARION, IN		48.7

		605.00		INDIANAPOLIS		INDIANAPOLIS, IN METROPOLITAN STATISTICAL AREA		MARION, IN		INDIANAPOLIS		47,009.00		MARION, IN		48.7

		709.00		MONTELLO				MARQUETTE, WI		MONTELLO				MARQUETTE, WI		54.3

		209.00		MONTELLO				MARQUETTE, WI		MONTELLO		6,037.00		MARQUETTE, WI		54.3

		722.00		MARION				MCDOWELL, NC		MARION				MCDOWELL, NC		66.2

		222.00		MARION				MCDOWELL, NC		MARION		18,059.00		MCDOWELL, NC		66.2

		729.00		ISABAN				MCDOWELL, WV		ISABAN				MCDOWELL, WV		37.8

		229.00		ISABAN				MCDOWELL, WV		ISABAN		19,107.00		MCDOWELL, WV		37.8

		953.00		HUTCHINSON		HUTCHINSON, MN MICROPOLITAN STATISTICAL AREA		MCLEOD, MN		CEDAR MILLS				MCLEOD, MN		62

		24.00		HUTCHINSON		HUTCHINSON, MN MICROPOLITAN STATISTICAL AREA		MCLEOD, MN		CEDAR MILLS		6,071.00		MCLEOD, MN		62

		524.00		HUTCHINSON		HUTCHINSON, MN MICROPOLITAN STATISTICAL AREA		MCLEOD, MN		CEDAR MILLS		6,071.00		MCLEOD, MN		62

		453.00		HUTCHINSON		HUTCHINSON, MN MICROPOLITAN STATISTICAL AREA		MCLEOD, MN		CEDAR MILLS		15,003.00		MCLEOD, MN		62

		784.00		RICEVILLE		ATHENS, TN MICROPOLITAN STATISTICAL AREA		MCMINN, TN		RICEVILLE				MCMINN, TN		66.5

		284.00		RICEVILLE		ATHENS, TN MICROPOLITAN STATISTICAL AREA		MCMINN, TN		RICEVILLE		36,059.00		MCMINN, TN		66.5

		910.00		GUSTON		LOUISVILLE, KY-IN METROPOLITAN STATISTICAL AREA		MEADE, KY		GUSTON				MEADE, KY		65.3

		410.00		GUSTON		LOUISVILLE, KY-IN METROPOLITAN STATISTICAL AREA		MEADE, KY		GUSTON		47,125.00		MEADE, KY		65.3

		767.00		GRAND JUNCTION		GRAND JUNCTION, CO METROPOLITAN STATISTICAL AREA		MESA, CO		GRAND JCT				MESA, CO		67.1

		267.00		GRAND JUNCTION		GRAND JUNCTION, CO METROPOLITAN STATISTICAL AREA		MESA, CO		GRAND JCT		42,069.00		MESA, CO		67.1

		827.00		MIAMI		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		MIAMI-DADE, FL		BISCAYNE PARK				MIAMI-DADE, FL		46.6		68.7

		327.00		MIAMI		MIAMI-FORT LAUDERDALE-MIAMI BEACH, FL METROPOLITAN STATISTICAL AREA		MIAMI-DADE, FL		BISCAYNE PARK		39,095.00		MIAMI-DADE, FL		46.6		68.7

		748.00		TOWNSEND		BOSTON-CAMBRIDGE-QUINCY, MA-NH METROPOLITAN STATISTICAL AREA		MIDDLESEX, MA		TOWNSEND				MIDDLESEX, MA		34.5

		248.00		TOWNSEND		BOSTON-CAMBRIDGE-QUINCY, MA-NH METROPOLITAN STATISTICAL AREA		MIDDLESEX, MA		TOWNSEND		42,029.00		MIDDLESEX, MA		34.5

		888.00		CUDAHY		MILWAUKEE-WAUKESHA-WEST ALLIS, WI METROPOLITAN STATISTICAL AREA		MILWAUKEE, WI		CUDAHY				MILWAUKEE, WI		37.4

		998.00		MILWAUKEE		MILWAUKEE-WAUKESHA-WEST ALLIS, WI METROPOLITAN STATISTICAL AREA		MILWAUKEE, WI		MILWAUKEE				MILWAUKEE, WI		37.4

		498.00		MILWAUKEE		MILWAUKEE-WAUKESHA-WEST ALLIS, WI METROPOLITAN STATISTICAL AREA		MILWAUKEE, WI		MILWAUKEE		1,037.00		MILWAUKEE, WI		37.4

		116.00		MILWAUKEE		MILWAUKEE-WAUKESHA-WEST ALLIS, WI METROPOLITAN STATISTICAL AREA		MILWAUKEE, WI		MILWAUKEE		22,073.00		MILWAUKEE, WI		37.4

		616.00		MILWAUKEE		MILWAUKEE-WAUKESHA-WEST ALLIS, WI METROPOLITAN STATISTICAL AREA		MILWAUKEE, WI		MILWAUKEE		22,073.00		MILWAUKEE, WI		37.4

		388.00		CUDAHY		MILWAUKEE-WAUKESHA-WEST ALLIS, WI METROPOLITAN STATISTICAL AREA		MILWAUKEE, WI		CUDAHY		28,035.00		MILWAUKEE, WI		37.4

		69.00		MILWAUKEE		MILWAUKEE-WAUKESHA-WEST ALLIS, WI METROPOLITAN STATISTICAL AREA		MILWAUKEE, WI		MILWAUKEE		48,303.00		MILWAUKEE, WI		37.4

		569.00		MILWAUKEE		MILWAUKEE-WAUKESHA-WEST ALLIS, WI METROPOLITAN STATISTICAL AREA		MILWAUKEE, WI		MILWAUKEE		48,303.00		MILWAUKEE, WI		37.4

		115.00		BLYTHEVILLE		BLYTHEVILLE, AR MICROPOLITAN STATISTICAL AREA		MISSISSIPPI, AR		BLYTHEVILLE		42,081.00		MISSISSIPPI, AR		43.3

		615.00		BLYTHEVILLE		BLYTHEVILLE, AR MICROPOLITAN STATISTICAL AREA		MISSISSIPPI, AR		BLYTHEVILLE		42,081.00		MISSISSIPPI, AR		43.3

		752.00		MISSOULA		MISSOULA, MT METROPOLITAN STATISTICAL AREA		MISSOULA, MT		MISSOULA				MISSOULA, MT		45.7

		252.00		MISSOULA		MISSOULA, MT METROPOLITAN STATISTICAL AREA		MISSOULA, MT		MISSOULA		36,081.00		MISSOULA, MT		45.7

		838.00		MILAN		MONROE, MI METROPOLITAN STATISTICAL AREA		MONROE, MI		AUGUSTA TWP				MONROE, MI		50.5

		338.00		MILAN		MONROE, MI METROPOLITAN STATISTICAL AREA		MONROE, MI		AUGUSTA TWP		19,159.00		MONROE, MI		50.5

		872.00		FAIRPORT		ROCHESTER, NY METROPOLITAN STATISTICAL AREA		MONROE, NY		FAIRPORT				MONROE, NY		47.7

		146.00		ROCHESTER		ROCHESTER, NY METROPOLITAN STATISTICAL AREA		MONROE, NY		ROCHESTER		6,099.00		MONROE, NY		47.7

		646.00		ROCHESTER		ROCHESTER, NY METROPOLITAN STATISTICAL AREA		MONROE, NY		ROCHESTER		6,099.00		MONROE, NY		47.7

		372.00		FAIRPORT		ROCHESTER, NY METROPOLITAN STATISTICAL AREA		MONROE, NY		FAIRPORT		42,063.00		MONROE, NY		47.7

		682.00		SCOTRUN		EAST STROUDSBURG, PA MICROPOLITAN STATISTICAL AREA		MONROE, PA		SCOTRUN				MONROE, PA		49.7

		182.00		SCOTRUN		EAST STROUDSBURG, PA MICROPOLITAN STATISTICAL AREA		MONROE, PA		SCOTRUN		29,097.00		MONROE, PA		49.7

		757.00		SALINAS		SALINAS, CA METROPOLITAN STATISTICAL AREA		MONTEREY, CA		SALINAS				MONTEREY, CA		38.4

		257.00		SALINAS		SALINAS, CA METROPOLITAN STATISTICAL AREA		MONTEREY, CA		SALINAS		13,175.00		MONTEREY, CA		38.4

		34.00		SILVER SPRING		WASHINGTON-ARLINGTON-ALEXANDRIA, DC-VA-MD-WV METROPOLITAN STATISTICAL AREA		MONTGOMERY, MD		SILVER SPRING				MONTGOMERY, MD		32.8

		534.00		SILVER SPRING		WASHINGTON-ARLINGTON-ALEXANDRIA, DC-VA-MD-WV METROPOLITAN STATISTICAL AREA		MONTGOMERY, MD		SILVER SPRING				MONTGOMERY, MD		32.8

		963.00		SILVER SPRING		WASHINGTON-ARLINGTON-ALEXANDRIA, DC-VA-MD-WV METROPOLITAN STATISTICAL AREA		MONTGOMERY, MD		SILVER SPRING				MONTGOMERY, MD		32.8

		463.00		SILVER SPRING		WASHINGTON-ARLINGTON-ALEXANDRIA, DC-VA-MD-WV METROPOLITAN STATISTICAL AREA		MONTGOMERY, MD		SILVER SPRING		4,013.00		MONTGOMERY, MD		32.8

		750.00		ESPERANCE		AMSTERDAM, NY MICROPOLITAN STATISTICAL AREA		MONTGOMERY, NY		BURTONSVILLE				MONTGOMERY, NY		53.4

		250.00		ESPERANCE		AMSTERDAM, NY MICROPOLITAN STATISTICAL AREA		MONTGOMERY, NY		BURTONSVILLE		12,087.00		MONTGOMERY, NY		53.4

		764.00		GLENSIDE		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		MONTGOMERY, PA		NORTH HILLS				MONTGOMERY, PA		44

		264.00		GLENSIDE		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		MONTGOMERY, PA		NORTH HILLS		26,077.00		MONTGOMERY, PA		44

		89.00		SPRING		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		MONTGOMERY, TX		SPRING		40,079.00		MONTGOMERY, TX		78.1

		589.00		SPRING		HOUSTON-BAYTOWN-SUGAR LAND, TX METROPOLITAN STATISTICAL AREA		MONTGOMERY, TX		SPRING		40,079.00		MONTGOMERY, TX		78.1

		395.00		WIGGINS		FORT MORGAN, CO MICROPOLITAN STATISTICAL AREA		MORGAN, CO		HOYT				MORGAN, CO		68.3

		895.00		WIGGINS		FORT MORGAN, CO MICROPOLITAN STATISTICAL AREA		MORGAN, CO		HOYT				MORGAN, CO		68.3

		951.00		PORTLAND		PORTLAND-VANCOUVER-BEAVERTON, OR-WA METROPOLITAN STATISTICAL AREA		MULTNOMAH, OR		PORTLAND				MULTNOMAH, OR		27.1

		451.00		PORTLAND		PORTLAND-VANCOUVER-BEAVERTON, OR-WA METROPOLITAN STATISTICAL AREA		MULTNOMAH, OR		PORTLAND		35,013.00		MULTNOMAH, OR		27.1

		22.00		PORTLAND		PORTLAND-VANCOUVER-BEAVERTON, OR-WA METROPOLITAN STATISTICAL AREA		MULTNOMAH, OR		PORTLAND		48,113.00		MULTNOMAH, OR		27.1

		522.00		PORTLAND		PORTLAND-VANCOUVER-BEAVERTON, OR-WA METROPOLITAN STATISTICAL AREA		MULTNOMAH, OR		PORTLAND		48,113.00		MULTNOMAH, OR		27.1

		139.00		PORTLAND		PORTLAND-VANCOUVER-BEAVERTON, OR-WA METROPOLITAN STATISTICAL AREA		MULTNOMAH, OR		BURLINGTON		53,031.00		MULTNOMAH, OR		27.1

		639.00		PORTLAND		PORTLAND-VANCOUVER-BEAVERTON, OR-WA METROPOLITAN STATISTICAL AREA		MULTNOMAH, OR		BURLINGTON		53,031.00		MULTNOMAH, OR		27.1

		675.00		ROSLYN HEIGHTS		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		NASSAU, NY		E HILLS				NASSAU, NY		46.6

		695.00		GARDEN CITY		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		NASSAU, NY		GARDEN CITY				NASSAU, NY		46.6

		175.00		ROSLYN HEIGHTS		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		NASSAU, NY		E HILLS		48,201.00		NASSAU, NY		46.6

		195.00		GARDEN CITY		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		NASSAU, NY		GARDEN CITY		48,201.00		NASSAU, NY		46.6

		817.00		CASPER		CASPER, WY METROPOLITAN STATISTICAL AREA		NATRONA, WY		ALLENDALE				NATRONA, WY		67.1

		317.00		CASPER		CASPER, WY METROPOLITAN STATISTICAL AREA		NATRONA, WY		ALLENDALE		27,137.00		NATRONA, WY		67.1

		791.00		NEW CASTLE		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		NEW CASTLE, DE		MANOR				NEW CASTLE, DE		38.6

		291.00		NEW CASTLE		PHILADELPHIA-CAMDEN-WILMINGTON, PA-NJ-DE-MD METROPOLITAN STATISTICAL AREA		NEW CASTLE, DE		MANOR		18,021.00		NEW CASTLE, DE		38.6

		732.00		SOUTHBURY		NEW HAVEN-MILFORD, CT METROPOLITAN STATISTICAL AREA		NEW HAVEN, CT		SOUTHBURY				NEW HAVEN, CT		43.8

		777.00		SOUTHBURY		NEW HAVEN-MILFORD, CT METROPOLITAN STATISTICAL AREA		NEW HAVEN, CT		SOUTHBURY				NEW HAVEN, CT		43.8

		831.00		NAUGATUCK		NEW HAVEN-MILFORD, CT METROPOLITAN STATISTICAL AREA		NEW HAVEN, CT		NAUGATUCK				NEW HAVEN, CT		43.8

		277.00		SOUTHBURY		NEW HAVEN-MILFORD, CT METROPOLITAN STATISTICAL AREA		NEW HAVEN, CT		SOUTHBURY		25,017.00		NEW HAVEN, CT		43.8

		232.00		SOUTHBURY		NEW HAVEN-MILFORD, CT METROPOLITAN STATISTICAL AREA		NEW HAVEN, CT		SOUTHBURY		36,005.00		NEW HAVEN, CT		43.8

		331.00		NAUGATUCK		NEW HAVEN-MILFORD, CT METROPOLITAN STATISTICAL AREA		NEW HAVEN, CT		NAUGATUCK		39,155.00		NEW HAVEN, CT		43.8

		857.00		NEW YORK		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		NEW YORK, NY		NEW YORK CITY				NEW YORK, NY		16.7

		357.00		NEW YORK		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		NEW YORK, NY		NEW YORK CITY		6,037.00		NEW YORK, NY		16.7

		142.00		NEOSHO		JOPLIN, MO METROPOLITAN STATISTICAL AREA		NEWTON, MO		NEOSHO		6,071.00		NEWTON, MO		72

		642.00		NEOSHO		JOPLIN, MO METROPOLITAN STATISTICAL AREA		NEWTON, MO		NEOSHO		6,071.00		NEWTON, MO		72

		690.00		LEWISTON		LEWISTON, ID-WA METROPOLITAN STATISTICAL AREA		NEZ PERCE, ID		LEWISTON				NEZ PERCE, ID		62.2

		190.00		LEWISTON		LEWISTON, ID-WA METROPOLITAN STATISTICAL AREA		NEZ PERCE, ID		LEWISTON		47,157.00		NEZ PERCE, ID		62.2

		820.00		NORFOLK		VIRGINIA BEACH-NORFOLK-NEWPORT NEWS, VA-NC METROPOLITAN STATISTICAL AREA		NORFOLK CITY, VA		NORFOLK				NORFOLK CITY, VA		37.4

		320.00		NORFOLK		VIRGINIA BEACH-NORFOLK-NEWPORT NEWS, VA-NC METROPOLITAN STATISTICAL AREA		NORFOLK CITY, VA		NORFOLK		39,153.00		NORFOLK CITY, VA		37.4

		846.00		DOVER		BOSTON-CAMBRIDGE-QUINCY, MA-NH METROPOLITAN STATISTICAL AREA		NORFOLK, MA		DOVER				NORFOLK, MA		38.6

		897.00		NORWOOD		BOSTON-CAMBRIDGE-QUINCY, MA-NH METROPOLITAN STATISTICAL AREA		NORFOLK, MA		NORWOOD				NORFOLK, MA		38.6

		397.00		NORWOOD		BOSTON-CAMBRIDGE-QUINCY, MA-NH METROPOLITAN STATISTICAL AREA		NORFOLK, MA		NORWOOD		12,025.00		NORFOLK, MA		38.6

		346.00		DOVER		BOSTON-CAMBRIDGE-QUINCY, MA-NH METROPOLITAN STATISTICAL AREA		NORFOLK, MA		DOVER		49,005.00		NORFOLK, MA		38.6

		723.00		BLOOMFIELD HILLS		DETROIT-WARREN-LIVONIA, MI METROPOLITAN STATISTICAL AREA		OAKLAND, MI		BLOOMFIELD HILLS				OAKLAND, MI		49.3

		223.00		BLOOMFIELD HILLS		DETROIT-WARREN-LIVONIA, MI METROPOLITAN STATISTICAL AREA		OAKLAND, MI		BLOOMFIELD HILLS		26,103.00		OAKLAND, MI		49.3

		337.00		RISING SUN		CINCINNATI-MIDDLETOWN, OH-KY-IN METROPOLITAN STATISTICAL AREA		OHIO, IN		RISING SUN				OHIO, IN		60.7

		837.00		RISING SUN		CINCINNATI-MIDDLETOWN, OH-KY-IN METROPOLITAN STATISTICAL AREA		OHIO, IN		RISING SUN				OHIO, IN		60.7

		788.00		NICEVILLE		FORT WALTON BEACH-CRESTVIEW-DESTIN, FL METROPOLITAN STATISTICAL AREA		OKALOOSA, FL		NICEVILLE				OKALOOSA, FL		77.7		11.5

		288.00		NICEVILLE		FORT WALTON BEACH-CRESTVIEW-DESTIN, FL METROPOLITAN STATISTICAL AREA		OKALOOSA, FL		NICEVILLE		6,067.00		OKALOOSA, FL		77.7		11.5

		923.00		SYRACUSE		SYRACUSE, NY METROPOLITAN STATISTICAL AREA		ONONDAGA, NY		GEDDES				ONONDAGA, NY		43.8

		978.00		EAST SYRACUSE		SYRACUSE, NY METROPOLITAN STATISTICAL AREA		ONONDAGA, NY		E SYRACUSE				ONONDAGA, NY		43.8

		423.00		SYRACUSE		SYRACUSE, NY METROPOLITAN STATISTICAL AREA		ONONDAGA, NY		GEDDES		26,081.00		ONONDAGA, NY		43.8

		49.00		EAST SYRACUSE		SYRACUSE, NY METROPOLITAN STATISTICAL AREA		ONONDAGA, NY		E SYRACUSE		41,051.00		ONONDAGA, NY		43.8

		549.00		EAST SYRACUSE		SYRACUSE, NY METROPOLITAN STATISTICAL AREA		ONONDAGA, NY		E SYRACUSE		41,051.00		ONONDAGA, NY		43.8

		478.00		EAST SYRACUSE		SYRACUSE, NY METROPOLITAN STATISTICAL AREA		ONONDAGA, NY		E SYRACUSE		56,037.00		ONONDAGA, NY		43.8

		939.00		ORLANDO		ORLANDO, FL METROPOLITAN STATISTICAL AREA		ORANGE, FL		LOCKHART				ORANGE, FL		49.6		33.9

		10.00		ORLANDO		ORLANDO, FL METROPOLITAN STATISTICAL AREA		ORANGE, FL		LOCKHART		24,043.00		ORANGE, FL		49.6		33.9

		510.00		ORLANDO		ORLANDO, FL METROPOLITAN STATISTICAL AREA		ORANGE, FL		LOCKHART		24,043.00		ORANGE, FL		49.6		33.9

		439.00		ORLANDO		ORLANDO, FL METROPOLITAN STATISTICAL AREA		ORANGE, FL		LOCKHART		29,081.00		ORANGE, FL		49.6		33.9

		124.00		ORLANDO		ORLANDO, FL METROPOLITAN STATISTICAL AREA		ORANGE, FL		HIAWASSEE		49,049.00		ORANGE, FL		49.6		33.9

		624.00		ORLANDO		ORLANDO, FL METROPOLITAN STATISTICAL AREA		ORANGE, FL		HIAWASSEE		49,049.00		ORANGE, FL		49.6		33.9

		741.00		CHAPEL HILL		DURHAM, NC METROPOLITAN STATISTICAL AREA		ORANGE, NC		CHAPEL HILL				ORANGE, NC		32.4

		241.00		CHAPEL HILL		DURHAM, NC METROPOLITAN STATISTICAL AREA		ORANGE, NC		CHAPEL HILL		48,201.00		ORANGE, NC		32.4

		107.00		CHAPEL HILL		DURHAM, NC METROPOLITAN STATISTICAL AREA		ORANGE, NC		CHAPEL HILL		53,033.00		ORANGE, NC		32.4

		607.00		CHAPEL HILL		DURHAM, NC METROPOLITAN STATISTICAL AREA		ORANGE, NC		CHAPEL HILL		53,033.00		ORANGE, NC		32.4

		996.00		KISSIMMEE		ORLANDO, FL METROPOLITAN STATISTICAL AREA		OSCEOLA, FL		KISSIMMEE				OSCEOLA, FL		52.5		37.6

		67.00		KISSIMMEE		ORLANDO, FL METROPOLITAN STATISTICAL AREA		OSCEOLA, FL		KISSIMMEE		6,085.00		OSCEOLA, FL		52.5		37.6

		567.00		KISSIMMEE		ORLANDO, FL METROPOLITAN STATISTICAL AREA		OSCEOLA, FL		KISSIMMEE		6,085.00		OSCEOLA, FL		52.5		37.6

		496.00		KISSIMMEE		ORLANDO, FL METROPOLITAN STATISTICAL AREA		OSCEOLA, FL		KISSIMMEE		51,683.00		OSCEOLA, FL		52.5		37.6

		130.00		HUDSON		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		PASCO, FL		BAYONET POINT		2,090.00		PASCO, FL		54.1		6.4

		630.00		HUDSON		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		PASCO, FL		BAYONET POINT		2,090.00		PASCO, FL		54.1		6.4

		878.00		HAWTHORNE		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		PASSAIC, NJ		HAWTHORNE				PASSAIC, NJ		52.8

		378.00		HAWTHORNE		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		PASSAIC, NJ		HAWTHORNE		48,241.00		PASSAIC, NJ		52.8

		873.00		HIRAM		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		PAULDING, GA		HIRAM				PAULDING, GA		76.2		12.4

		373.00		HIRAM		ATLANTA-SANDY SPRINGS-MARIETTA, GA METROPOLITAN STATISTICAL AREA		PAULDING, GA		HIRAM		47,157.00		PAULDING, GA		76.2		12.4

		938.00		BOX ELDER		RAPID CITY, SD METROPOLITAN STATISTICAL AREA		PENNINGTON, SD		BOX ELDER				PENNINGTON, SD		66.7

		9.00		BOX ELDER		RAPID CITY, SD METROPOLITAN STATISTICAL AREA		PENNINGTON, SD		BOX ELDER		37,003.00		PENNINGTON, SD		66.7

		509.00		BOX ELDER		RAPID CITY, SD METROPOLITAN STATISTICAL AREA		PENNINGTON, SD		BOX ELDER		37,003.00		PENNINGTON, SD		66.7

		438.00		BOX ELDER		RAPID CITY, SD METROPOLITAN STATISTICAL AREA		PENNINGTON, SD		BOX ELDER		51,059.00		PENNINGTON, SD		66.7

		92.00		FROHNA				PERRY, MO		WITTENBERG		4,021.00		PERRY, MO		67.7

		592.00		FROHNA				PERRY, MO		WITTENBERG		4,021.00		PERRY, MO		67.7

		995.00		NEWPORT		HARRISBURG-CARLISLE, PA METROPOLITAN STATISTICAL AREA		PERRY, PA		NEWPORT				PERRY, PA		71.7

		66.00		NEWPORT		HARRISBURG-CARLISLE, PA METROPOLITAN STATISTICAL AREA		PERRY, PA		NEWPORT		36,061.00		PERRY, PA		71.7

		566.00		NEWPORT		HARRISBURG-CARLISLE, PA METROPOLITAN STATISTICAL AREA		PERRY, PA		NEWPORT		36,061.00		PERRY, PA		71.7

		495.00		NEWPORT		HARRISBURG-CARLISLE, PA METROPOLITAN STATISTICAL AREA		PERRY, PA		NEWPORT		39,153.00		PERRY, PA		71.7

		462.00		TACOMA		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		PIERCE, WA		FORT LEWIS				PIERCE, WA		48.1

		772.00		PUYALLUP		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		PIERCE, WA		PUYALLUP				PIERCE, WA		48.1

		962.00		TACOMA		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		PIERCE, WA		FORT LEWIS				PIERCE, WA		48.1

		33.00		TACOMA		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		PIERCE, WA		FORT LEWIS		4,019.00		PIERCE, WA		48.1

		533.00		TACOMA		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		PIERCE, WA		FORT LEWIS		4,019.00		PIERCE, WA		48.1

		272.00		PUYALLUP		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		PIERCE, WA		PUYALLUP		26,081.00		PIERCE, WA		48.1

		668.00		TUCSON		TUCSON, AZ METROPOLITAN STATISTICAL AREA		PIMA, AZ		TUCSON				PIMA, AZ		46.6

		887.00		GREEN VALLEY		TUCSON, AZ METROPOLITAN STATISTICAL AREA		PIMA, AZ		GREEN VALLEY				PIMA, AZ		46.6

		387.00		GREEN VALLEY		TUCSON, AZ METROPOLITAN STATISTICAL AREA		PIMA, AZ		GREEN VALLEY		6,007.00		PIMA, AZ		46.6

		168.00		TUCSON		TUCSON, AZ METROPOLITAN STATISTICAL AREA		PIMA, AZ		TUCSON		32,031.00		PIMA, AZ		46.6

		803.00		PINELLAS PARK		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		PINELLAS, FL		PINELLAS PARK				PINELLAS, FL		49.6		11.2

		303.00		PINELLAS PARK		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		PINELLAS, FL		PINELLAS PARK		36,019.00		PINELLAS, FL		49.6		11.2

		147.00		SAINT PETERSBURG		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		PINELLAS, FL		SAINT PETERSBURG		47,029.00		PINELLAS, FL		49.6		11.2

		647.00		SAINT PETERSBURG		TAMPA-ST. PETERSBURG-CLEARWATER, FL METROPOLITAN STATISTICAL AREA		PINELLAS, FL		SAINT PETERSBURG		47,029.00		PINELLAS, FL		49.6		11.2

		944.00		HINTON				PLYMOUTH, IA		HINTON				PLYMOUTH, IA		63.9

		15.00		HINTON				PLYMOUTH, IA		HINTON		6,029.00		PLYMOUTH, IA		63.9

		515.00		HINTON				PLYMOUTH, IA		HINTON		6,029.00		PLYMOUTH, IA		63.9

		444.00		HINTON				PLYMOUTH, IA		HINTON		41,039.00		PLYMOUTH, IA		63.9

		727.00		BROCKTON		BOSTON-CAMBRIDGE-QUINCY, MA-NH METROPOLITAN STATISTICAL AREA		PLYMOUTH, MA		BROCKTON				PLYMOUTH, MA		45.3

		227.00		BROCKTON		BOSTON-CAMBRIDGE-QUINCY, MA-NH METROPOLITAN STATISTICAL AREA		PLYMOUTH, MA		BROCKTON		26,163.00		PLYMOUTH, MA		45.3

		714.00		WINTER HAVEN		LAKELAND-WINTER HAVEN, FL METROPOLITAN STATISTICAL AREA		POLK, FL		FLORENCE VILLA				POLK, FL		58.6		17

		720.00		WINTER HAVEN		LAKELAND-WINTER HAVEN, FL METROPOLITAN STATISTICAL AREA		POLK, FL		WINTER HAVEN				POLK, FL		58.6		17

		754.00		LAKELAND		LAKELAND-WINTER HAVEN, FL METROPOLITAN STATISTICAL AREA		POLK, FL		LAKELAND				POLK, FL		58.6		17

		214.00		WINTER HAVEN		LAKELAND-WINTER HAVEN, FL METROPOLITAN STATISTICAL AREA		POLK, FL		FLORENCE VILLA		23,031.00		POLK, FL		58.6		17

		220.00		WINTER HAVEN		LAKELAND-WINTER HAVEN, FL METROPOLITAN STATISTICAL AREA		POLK, FL		WINTER HAVEN		39,081.00		POLK, FL		58.6		17

		254.00		LAKELAND		LAKELAND-WINTER HAVEN, FL METROPOLITAN STATISTICAL AREA		POLK, FL		LAKELAND		47,093.00		POLK, FL		58.6		17

		766.00		POLK CITY		DES MOINES, IA METROPOLITAN STATISTICAL AREA		POLK, IA		CROCKER				POLK, IA		47.3

		85.00		DES MOINES		DES MOINES, IA METROPOLITAN STATISTICAL AREA		POLK, IA		DES MOINES		8,077.00		POLK, IA		47.3

		585.00		DES MOINES		DES MOINES, IA METROPOLITAN STATISTICAL AREA		POLK, IA		DES MOINES		8,077.00		POLK, IA		47.3

		266.00		POLK CITY		DES MOINES, IA METROPOLITAN STATISTICAL AREA		POLK, IA		CROCKER		42,087.00		POLK, IA		47.3

		804.00		BOONEVILLE				PRENTISS, MS		ALTITUDE				PRENTISS, MS		65.8

		304.00		BOONEVILLE				PRENTISS, MS		ALTITUDE		45,079.00		PRENTISS, MS		65.8

		867.00		HYATTSVILLE		WASHINGTON-ARLINGTON-ALEXANDRIA, DC-VA-MD-WV METROPOLITAN STATISTICAL AREA		PRINCE GEORGES, MD		ADELPHI				PRINCE GEORGES, MD		17.4

		367.00		HYATTSVILLE		WASHINGTON-ARLINGTON-ALEXANDRIA, DC-VA-MD-WV METROPOLITAN STATISTICAL AREA		PRINCE GEORGES, MD		ADELPHI		23,013.00		PRINCE GEORGES, MD		17.4

		144.00		PAWTUCKET		PROVIDENCE-NEW BEDFORD-FALL RIVER, RI-MA METROPOLITAN STATISTICAL AREA		PROVIDENCE, RI		PAWTUCKET		40,115.00		PROVIDENCE, RI		35.7

		644.00		PAWTUCKET		PROVIDENCE-NEW BEDFORD-FALL RIVER, RI-MA METROPOLITAN STATISTICAL AREA		PROVIDENCE, RI		PAWTUCKET		40,115.00		PROVIDENCE, RI		35.7

		746.00		SOMERSET		SOMERSET, KY MICROPOLITAN STATISTICAL AREA		PULASKI, KY		STAB				PULASKI, KY		76.6

		246.00		SOMERSET		SOMERSET, KY MICROPOLITAN STATISTICAL AREA		PULASKI, KY		STAB		51,153.00		PULASKI, KY		76.6

		86.00		GRASONVILLE		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		QUEEN ANNES, MD		GRASONVILLE		4,013.00		QUEEN ANNES, MD		66.5

		586.00		GRASONVILLE		BALTIMORE-TOWSON, MD METROPOLITAN STATISTICAL AREA		QUEEN ANNES, MD		GRASONVILLE		4,013.00		QUEEN ANNES, MD		66.5

		665.00		FOREST HILLS		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		QUEENS, NY		FLUSHING				QUEENS, NY		27.4

		667.00		FAR ROCKAWAY		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		QUEENS, NY		FAR ROCKAWAY				QUEENS, NY		27.4

		165.00		FOREST HILLS		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		QUEENS, NY		FLUSHING		6,037.00		QUEENS, NY		27.4

		167.00		FAR ROCKAWAY		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		QUEENS, NY		FAR ROCKAWAY		41,039.00		QUEENS, NY		27.4

		692.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		RAMSEY, MN		SAINT PAUL				RAMSEY, MN		35.6

		769.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		RAMSEY, MN		SAINT PAUL				RAMSEY, MN		35.6

		799.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		RAMSEY, MN		SAINT PAUL				RAMSEY, MN		35.6

		269.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		RAMSEY, MN		SAINT PAUL		26,041.00		RAMSEY, MN		35.6

		192.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		RAMSEY, MN		SAINT PAUL		36,061.00		RAMSEY, MN		35.6

		299.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		RAMSEY, MN		SAINT PAUL		42,073.00		RAMSEY, MN		35.6

		103.00		BRANDON		JACKSON, MS METROPOLITAN STATISTICAL AREA		RANKIN, MS		BRANDON		49,035.00		RANKIN, MS		78.7

		603.00		BRANDON		JACKSON, MS METROPOLITAN STATISTICAL AREA		RANKIN, MS		BRANDON		49,035.00		RANKIN, MS		78.7

		861.00		ALEXANDRIA		ALEXANDRIA, LA METROPOLITAN STATISTICAL AREA		RAPIDES, LA		ALEX				RAPIDES, LA		63.8

		361.00		ALEXANDRIA		ALEXANDRIA, LA METROPOLITAN STATISTICAL AREA		RAPIDES, LA		ALEX		26,163.00		RAPIDES, LA		63.8

		950.00		FLORENCE				RAVALLI, MT		FLORENCE				RAVALLI, MT		66.8

		450.00		FLORENCE				RAVALLI, MT		FLORENCE		2,020.00		RAVALLI, MT		66.8

		21.00		FLORENCE				RAVALLI, MT		FLORENCE		4,019.00		RAVALLI, MT		66.8

		521.00		FLORENCE				RAVALLI, MT		FLORENCE		4,019.00		RAVALLI, MT		66.8

		743.00		COLUMBIA		COLUMBIA, SC METROPOLITAN STATISTICAL AREA		RICHLAND, SC		BLUFF ESTATES				RICHLAND, SC		42		45.4

		243.00		COLUMBIA		COLUMBIA, SC METROPOLITAN STATISTICAL AREA		RICHLAND, SC		BLUFF ESTATES		48,025.00		RICHLAND, SC		42		45.4

		488.00		RICHMOND		RICHMOND, VA METROPOLITAN STATISTICAL AREA		RICHMOND CITY, VA		FOREST HILL				RICHMOND CITY, VA		29.1

		988.00		RICHMOND		RICHMOND, VA METROPOLITAN STATISTICAL AREA		RICHMOND CITY, VA		FOREST HILL				RICHMOND CITY, VA		29.1

		59.00		RICHMOND		RICHMOND, VA METROPOLITAN STATISTICAL AREA		RICHMOND CITY, VA		FOREST HILL		41,039.00		RICHMOND CITY, VA		29.1

		559.00		RICHMOND		RICHMOND, VA METROPOLITAN STATISTICAL AREA		RICHMOND CITY, VA		FOREST HILL		41,039.00		RICHMOND CITY, VA		29.1

		159.00		STATEN ISLAND		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		RICHMOND, NY		STATEN ISLAND		12,083.00		RICHMOND, NY		56.4

		659.00		STATEN ISLAND		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		RICHMOND, NY		STATEN ISLAND		12,083.00		RICHMOND, NY		56.4

		672.00		MEEKER				RIO BLANCO, CO		AXEL				RIO BLANCO, CO		80

		172.00		MEEKER				RIO BLANCO, CO		AXEL		26,163.00		RIO BLANCO, CO		80

		736.00		RIVERSIDE		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		RIVERSIDE, CA		LA SIERRA				RIVERSIDE, CA		57.8

		979.00		MOUNTAIN CENTER		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		RIVERSIDE, CA		MOUNTAIN CENTER				RIVERSIDE, CA		57.8

		50.00		MOUNTAIN CENTER		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		RIVERSIDE, CA		MOUNTAIN CENTER		36,091.00		RIVERSIDE, CA		57.8

		550.00		MOUNTAIN CENTER		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		RIVERSIDE, CA		MOUNTAIN CENTER		36,091.00		RIVERSIDE, CA		57.8

		127.00		HEMET		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		RIVERSIDE, CA		HEMET		48,201.00		RIVERSIDE, CA		57.8

		627.00		HEMET		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		RIVERSIDE, CA		HEMET		48,201.00		RIVERSIDE, CA		57.8

		236.00		RIVERSIDE		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		RIVERSIDE, CA		LA SIERRA		51,087.00		RIVERSIDE, CA		57.8

		479.00		MOUNTAIN CENTER		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		RIVERSIDE, CA		MOUNTAIN CENTER		55,059.00		RIVERSIDE, CA		57.8

		706.00		CROSS PLAINS		NASHVILLE-DAVIDSON--MURFREESBORO, TN METROPOLITAN STATISTICAL AREA		ROBERTSON, TN		CROSS PLAINS				ROBERTSON, TN		60.5

		206.00		CROSS PLAINS		NASHVILLE-DAVIDSON--MURFREESBORO, TN METROPOLITAN STATISTICAL AREA		ROBERTSON, TN		CROSS PLAINS		42,029.00		ROBERTSON, TN		60.5

		97.00		MURFREESBORO		NASHVILLE-DAVIDSON--MURFREESBORO, TN METROPOLITAN STATISTICAL AREA		RUTHERFORD, TN		MBORO		1,045.00		RUTHERFORD, TN		61.8

		597.00		MURFREESBORO		NASHVILLE-DAVIDSON--MURFREESBORO, TN METROPOLITAN STATISTICAL AREA		RUTHERFORD, TN		MBORO		1,045.00		RUTHERFORD, TN		61.8

		710.00		CARMICHAEL		SACRAMENTO--ARDEN-ARCADE--ROSEVILLE, CA METROPOLITAN STATISTICAL AREA		SACRAMENTO, CA		CARMICHAEL				SACRAMENTO, CA		49.3

		210.00		CARMICHAEL		SACRAMENTO--ARDEN-ARCADE--ROSEVILLE, CA METROPOLITAN STATISTICAL AREA		SACRAMENTO, CA		CARMICHAEL		48,141.00		SACRAMENTO, CA		49.3

		930.00		EAST SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT CLAIR, IL		E SAINT LOUIS				SAINT CLAIR, IL		44.4

		430.00		EAST SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT CLAIR, IL		E SAINT LOUIS		16,031.00		SAINT CLAIR, IL		44.4

		1.00		EAST SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT CLAIR, IL		E SAINT LOUIS		26,125.00		SAINT CLAIR, IL		44.4

		501.00		EAST SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT CLAIR, IL		E SAINT LOUIS		26,125.00		SAINT CLAIR, IL		44.4

		915.00		FARMINGTON		FARMINGTON, MO MICROPOLITAN STATISTICAL AREA		SAINT FRANCOIS, MO		FARMINGTON				SAINT FRANCOIS, MO		52.7

		415.00		FARMINGTON		FARMINGTON, MO MICROPOLITAN STATISTICAL AREA		SAINT FRANCOIS, MO		FARMINGTON		39,041.00		SAINT FRANCOIS, MO		52.7

		688.00		HASTINGS		JACKSONVILLE, FL METROPOLITAN STATISTICAL AREA		SAINT JOHNS, FL		HASTINGS				SAINT JOHNS, FL		68.6		6.9

		882.00		HASTINGS		JACKSONVILLE, FL METROPOLITAN STATISTICAL AREA		SAINT JOHNS, FL		HASTINGS				SAINT JOHNS, FL		68.6		6.9

		188.00		HASTINGS		JACKSONVILLE, FL METROPOLITAN STATISTICAL AREA		SAINT JOHNS, FL		HASTINGS		26,139.00		SAINT JOHNS, FL		68.6		6.9

		382.00		HASTINGS		JACKSONVILLE, FL METROPOLITAN STATISTICAL AREA		SAINT JOHNS, FL		HASTINGS		54,033.00		SAINT JOHNS, FL		68.6		6.9

		763.00		SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS CITY, MO		SAINT LOUIS				SAINT LOUIS CITY, MO		19.2

		263.00		SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS CITY, MO		SAINT LOUIS		42,095.00		SAINT LOUIS CITY, MO		19.2

		271.00		CHESTERFIELD		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS, MO		WILDWOOD				SAINT LOUIS, MO		45.1

		771.00		CHESTERFIELD		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS, MO		WILDWOOD				SAINT LOUIS, MO		45.1

		931.00		SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS, MO		BEL NOR				SAINT LOUIS, MO		45.1

		431.00		SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS, MO		BEL NOR		6,083.00		SAINT LOUIS, MO		45.1

		112.00		SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS, MO		CRYSTAL LAKE PARK		6,095.00		SAINT LOUIS, MO		45.1

		612.00		SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS, MO		CRYSTAL LAKE PARK		6,095.00		SAINT LOUIS, MO		45.1

		2.00		SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS, MO		BEL NOR		42,003.00		SAINT LOUIS, MO		45.1

		502.00		SAINT LOUIS		ST. LOUIS, MO-IL METROPOLITAN STATISTICAL AREA		SAINT LOUIS, MO		BEL NOR		42,003.00		SAINT LOUIS, MO		45.1

		739.00		LEXINGTON PARK		LEXINGTON PARK, MD MICROPOLITAN STATISTICAL AREA		SAINT MARYS, MD		LEX PK				SAINT MARYS, MD		62.6

		239.00		LEXINGTON PARK		LEXINGTON PARK, MD MICROPOLITAN STATISTICAL AREA		SAINT MARYS, MD		LEX PK		47,119.00		SAINT MARYS, MD		62.6

		802.00		SANDY		SALT LAKE CITY, UT METROPOLITAN STATISTICAL AREA		SALT LAKE, UT		SANDY				SALT LAKE, UT		59.6

		902.00		SALT LAKE CITY		SALT LAKE CITY, UT METROPOLITAN STATISTICAL AREA		SALT LAKE, UT		GRANGER				SALT LAKE, UT		59.6

		402.00		SALT LAKE CITY		SALT LAKE CITY, UT METROPOLITAN STATISTICAL AREA		SALT LAKE, UT		GRANGER		17,083.00		SALT LAKE, UT		59.6

		302.00		SANDY		SALT LAKE CITY, UT METROPOLITAN STATISTICAL AREA		SALT LAKE, UT		SANDY		28,023.00		SALT LAKE, UT		59.6

		783.00		RANCHO CUCAMONGA		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		SAN BERNARDINO, CA		RANCHO CUCAMONGA				SAN BERNARDINO, CA		55.3

		813.00		ONTARIO		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		SAN BERNARDINO, CA		ONTARIO				SAN BERNARDINO, CA		55.3

		855.00		COLTON		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		SAN BERNARDINO, CA		COLTON				SAN BERNARDINO, CA		55.3

		82.00		WRIGHTWOOD		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		SAN BERNARDINO, CA		WRIGHTWOOD		4,013.00		SAN BERNARDINO, CA		55.3

		582.00		WRIGHTWOOD		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		SAN BERNARDINO, CA		WRIGHTWOOD		4,013.00		SAN BERNARDINO, CA		55.3

		313.00		ONTARIO		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		SAN BERNARDINO, CA		ONTARIO		27,053.00		SAN BERNARDINO, CA		55.3

		283.00		RANCHO CUCAMONGA		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		SAN BERNARDINO, CA		RANCHO CUCAMONGA		30,111.00		SAN BERNARDINO, CA		55.3

		355.00		COLTON		RIVERSIDE-SAN BERNARDINO-ONTARIO, CA METROPOLITAN STATISTICAL AREA		SAN BERNARDINO, CA		COLTON		47,163.00		SAN BERNARDINO, CA		55.3

		899.00		VISTA		SAN DIEGO-CARLSBAD-SAN MARCOS, CA METROPOLITAN STATISTICAL AREA		SAN DIEGO, CA		VISTA				SAN DIEGO, CA		52.5

		399.00		VISTA		SAN DIEGO-CARLSBAD-SAN MARCOS, CA METROPOLITAN STATISTICAL AREA		SAN DIEGO, CA		VISTA		48,029.00		SAN DIEGO, CA		52.5

		749.00		MANTECA		STOCKTON, CA METROPOLITAN STATISTICAL AREA		SAN JOAQUIN, CA		MANTECA				SAN JOAQUIN, CA		53.2

		249.00		MANTECA		STOCKTON, CA METROPOLITAN STATISTICAL AREA		SAN JOAQUIN, CA		MANTECA		42,033.00		SAN JOAQUIN, CA		53.2

		946.00		BLOOMFIELD		FARMINGTON, NM METROPOLITAN STATISTICAL AREA		SAN JUAN, NM		BLOOMFIELD				SAN JUAN, NM		65.6

		446.00		BLOOMFIELD		FARMINGTON, NM METROPOLITAN STATISTICAL AREA		SAN JUAN, NM		BLOOMFIELD		4,019.00		SAN JUAN, NM		65.6

		17.00		BLOOMFIELD		FARMINGTON, NM METROPOLITAN STATISTICAL AREA		SAN JUAN, NM		BLOOMFIELD		29,077.00		SAN JUAN, NM		65.6

		517.00		BLOOMFIELD		FARMINGTON, NM METROPOLITAN STATISTICAL AREA		SAN JUAN, NM		BLOOMFIELD		29,077.00		SAN JUAN, NM		65.6

		677.00		SUNNYVALE		SAN JOSE-SUNNYVALE-SANTA CLARA, CA METROPOLITAN STATISTICAL AREA		SANTA CLARA, CA		SUNNYVALE				SANTA CLARA, CA		34.6

		177.00		SUNNYVALE		SAN JOSE-SUNNYVALE-SANTA CLARA, CA METROPOLITAN STATISTICAL AREA		SANTA CLARA, CA		SUNNYVALE		55,133.00		SANTA CLARA, CA		34.6

		858.00		ENGLEWOOD		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		SARASOTA, FL		ENGLEWOOD				SARASOTA, FL		53.5		4.9

		952.00		SARASOTA		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		SARASOTA, FL		SARASOTA				SARASOTA, FL		53.5		4.9

		23.00		SARASOTA		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		SARASOTA, FL		SARASOTA		8,075.00		SARASOTA, FL		53.5		4.9

		523.00		SARASOTA		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		SARASOTA, FL		SARASOTA		8,075.00		SARASOTA, FL		53.5		4.9

		452.00		SARASOTA		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		SARASOTA, FL		SARASOTA		28,083.00		SARASOTA, FL		53.5		4.9

		358.00		ENGLEWOOD		SARASOTA-BRADENTON-VENICE, FL METROPOLITAN STATISTICAL AREA		SARASOTA, FL		ENGLEWOOD		32,003.00		SARASOTA, FL		53.5		4.9

		841.00		GATE CITY		KINGSPORT-BRISTOL, TN-VA METROPOLITAN STATISTICAL AREA		SCOTT, VA		GATE CITY				SCOTT, VA		65

		341.00		GATE CITY		KINGSPORT-BRISTOL, TN-VA METROPOLITAN STATISTICAL AREA		SCOTT, VA		GATE CITY		21,019.00		SCOTT, VA		65

		934.00		WICHITA		WICHITA, KS METROPOLITAN STATISTICAL AREA		SEDGWICK, KS		WICHITA				SEDGWICK, KS		62.1

		5.00		WICHITA		WICHITA, KS METROPOLITAN STATISTICAL AREA		SEDGWICK, KS		WICHITA		16,031.00		SEDGWICK, KS		62.1

		505.00		WICHITA		WICHITA, KS METROPOLITAN STATISTICAL AREA		SEDGWICK, KS		WICHITA		16,031.00		SEDGWICK, KS		62.1

		434.00		WICHITA		WICHITA, KS METROPOLITAN STATISTICAL AREA		SEDGWICK, KS		WICHITA		37,003.00		SEDGWICK, KS		62.1

		792.00		ROMULUS		SENECA FALLS, NY MICROPOLITAN STATISTICAL AREA		SENECA, NY		MAC DOUGALL				SENECA, NY		52.1

		292.00		ROMULUS		SENECA FALLS, NY MICROPOLITAN STATISTICAL AREA		SENECA, NY		MAC DOUGALL		22,125.00		SENECA, NY		52.1

		91.00		TOPEKA		TOPEKA, KS METROPOLITAN STATISTICAL AREA		SHAWNEE, KS		TOPEKA		42,021.00		SHAWNEE, KS		54.2

		591.00		TOPEKA		TOPEKA, KS METROPOLITAN STATISTICAL AREA		SHAWNEE, KS		TOPEKA		42,021.00		SHAWNEE, KS		54.2

		891.00		SHEBOYGAN		SHEBOYGAN, WI METROPOLITAN STATISTICAL AREA		SHEBOYGAN, WI		HAVEN				SHEBOYGAN, WI		55

		391.00		SHEBOYGAN		SHEBOYGAN, WI METROPOLITAN STATISTICAL AREA		SHEBOYGAN, WI		HAVEN		17,031.00		SHEBOYGAN, WI		55

		755.00		PELHAM		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY, AL		INDIAN SPRINGS				SHELBY, AL		80.4

		768.00		BIRMINGHAM		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY, AL		BIRMINGHAM				SHELBY, AL		80.4

		808.00		HELENA		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY, AL		HELENA				SHELBY, AL		80.4

		877.00		HELENA		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY, AL		HELENA				SHELBY, AL		80.4

		889.00		HELENA		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY, AL		HELENA				SHELBY, AL		80.4

		377.00		HELENA		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY, AL		HELENA		4,013.00		SHELBY, AL		80.4

		255.00		PELHAM		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY, AL		INDIAN SPRINGS		12,105.00		SHELBY, AL		80.4

		308.00		HELENA		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY, AL		HELENA		27,123.00		SHELBY, AL		80.4

		268.00		BIRMINGHAM		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY, AL		BIRMINGHAM		36,081.00		SHELBY, AL		80.4

		389.00		HELENA		BIRMINGHAM-HOOVER, AL METROPOLITAN STATISTICAL AREA		SHELBY, AL		HELENA		48,201.00		SHELBY, AL		80.4

		821.00		MEMPHIS		MEMPHIS, TN-MS-AR METROPOLITAN STATISTICAL AREA		SHELBY, TN		BARTLETT				SHELBY, TN		41.9

		98.00		CORDOVA		MEMPHIS, TN-MS-AR METROPOLITAN STATISTICAL AREA		SHELBY, TN		CORDOVA		26,161.00		SHELBY, TN		41.9

		598.00		CORDOVA		MEMPHIS, TN-MS-AR METROPOLITAN STATISTICAL AREA		SHELBY, TN		CORDOVA		26,161.00		SHELBY, TN		41.9

		321.00		MEMPHIS		MEMPHIS, TN-MS-AR METROPOLITAN STATISTICAL AREA		SHELBY, TN		BARTLETT		48,201.00		SHELBY, TN		41.9

		823.00		BURLINGTON		MOUNT VERNON-ANACORTES, WA METROPOLITAN STATISTICAL AREA		SKAGIT, WA		ALGER				SKAGIT, WA		50.1

		323.00		BURLINGTON		MOUNT VERNON-ANACORTES, WA METROPOLITAN STATISTICAL AREA		SKAGIT, WA		ALGER		42,063.00		SKAGIT, WA		50.1

		109.00		WINONA		TYLER, TX METROPOLITAN STATISTICAL AREA		SMITH, TX		STARRVILLE		8,123.00		SMITH, TX		72.5

		609.00		WINONA		TYLER, TX METROPOLITAN STATISTICAL AREA		SMITH, TX		STARRVILLE		8,123.00		SMITH, TX		72.5

		756.00		STANWOOD		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		SNOHOMISH, WA		CAMANO CITY				SNOHOMISH, WA		45.5

		256.00		STANWOOD		SEATTLE-TACOMA-BELLEVUE, WA METROPOLITAN STATISTICAL AREA		SNOHOMISH, WA		CAMANO CITY		24,033.00		SNOHOMISH, WA		45.5

		680.00		FAIRFIELD		VALLEJO-FAIRFIELD, CA METROPOLITAN STATISTICAL AREA		SOLANO, CA		FAIRFIELD				SOLANO, CA		41.9

		943.00		VACAVILLE		VALLEJO-FAIRFIELD, CA METROPOLITAN STATISTICAL AREA		SOLANO, CA		VACAVILLE				SOLANO, CA		41.9

		180.00		FAIRFIELD		VALLEJO-FAIRFIELD, CA METROPOLITAN STATISTICAL AREA		SOLANO, CA		FAIRFIELD		17,031.00		SOLANO, CA		41.9

		14.00		VACAVILLE		VALLEJO-FAIRFIELD, CA METROPOLITAN STATISTICAL AREA		SOLANO, CA		VACAVILLE		29,081.00		SOLANO, CA		41.9

		514.00		VACAVILLE		VALLEJO-FAIRFIELD, CA METROPOLITAN STATISTICAL AREA		SOLANO, CA		VACAVILLE		29,081.00		SOLANO, CA		41.9

		443.00		VACAVILLE		VALLEJO-FAIRFIELD, CA METROPOLITAN STATISTICAL AREA		SOLANO, CA		VACAVILLE		41,027.00		SOLANO, CA		41.9

		684.00		HEALDSBURG		SANTA ROSA-PETALUMA, CA METROPOLITAN STATISTICAL AREA		SONOMA, CA		HEALDSBURG				SONOMA, CA		30.9

		184.00		HEALDSBURG		SANTA ROSA-PETALUMA, CA METROPOLITAN STATISTICAL AREA		SONOMA, CA		HEALDSBURG		39,003.00		SONOMA, CA		30.9

		46.00		SPOKANE		SPOKANE, WA METROPOLITAN STATISTICAL AREA		SPOKANE, WA		SHADLE GARLAND				SPOKANE, WA		55.1

		546.00		SPOKANE		SPOKANE, WA METROPOLITAN STATISTICAL AREA		SPOKANE, WA		SHADLE GARLAND				SPOKANE, WA		55.1

		822.00		SPOKANE		SPOKANE, WA METROPOLITAN STATISTICAL AREA		SPOKANE, WA		SPOKANE				SPOKANE, WA		55.1

		975.00		SPOKANE		SPOKANE, WA METROPOLITAN STATISTICAL AREA		SPOKANE, WA		SHADLE GARLAND				SPOKANE, WA		55.1

		322.00		SPOKANE		SPOKANE, WA METROPOLITAN STATISTICAL AREA		SPOKANE, WA		SPOKANE		12,025.00		SPOKANE, WA		55.1

		145.00		SPOKANE		SPOKANE, WA METROPOLITAN STATISTICAL AREA		SPOKANE, WA		SPOKANE		32,003.00		SPOKANE, WA		55.1

		645.00		SPOKANE		SPOKANE, WA METROPOLITAN STATISTICAL AREA		SPOKANE, WA		SPOKANE		32,003.00		SPOKANE, WA		55.1

		475.00		SPOKANE		SPOKANE, WA METROPOLITAN STATISTICAL AREA		SPOKANE, WA		SHADLE GARLAND		36,091.00		SPOKANE, WA		55.1

		874.00		SOUTH BEND		SOUTH BEND-MISHAWAKA, IN-MI METROPOLITAN STATISTICAL AREA		ST JOSEPH, IN		S BEND				ST JOSEPH, IN		50.9

		374.00		SOUTH BEND		SOUTH BEND-MISHAWAKA, IN-MI METROPOLITAN STATISTICAL AREA		ST JOSEPH, IN		S BEND		4,013.00		ST JOSEPH, IN		50.9

		851.00		MASSILLON		CANTON-MASSILLON, OH METROPOLITAN STATISTICAL AREA		STARK, OH		MASSILLON				STARK, OH		48.9

		1,000.00		CANTON		CANTON-MASSILLON, OH METROPOLITAN STATISTICAL AREA		STARK, OH		AKRON CANTON REGION AIRPORT				STARK, OH		48.9

		500.00		CANTON		CANTON-MASSILLON, OH METROPOLITAN STATISTICAL AREA		STARK, OH		AKRON CANTON REGION AIRPORT		6,073.00		STARK, OH		48.9

		351.00		MASSILLON		CANTON-MASSILLON, OH METROPOLITAN STATISTICAL AREA		STARK, OH		MASSILLON		8,001.00		STARK, OH		48.9

		71.00		CANTON		CANTON-MASSILLON, OH METROPOLITAN STATISTICAL AREA		STARK, OH		AKRON CANTON REGION AIRPORT		51,683.00		STARK, OH		48.9

		571.00		CANTON		CANTON-MASSILLON, OH METROPOLITAN STATISTICAL AREA		STARK, OH		AKRON CANTON REGION AIRPORT		51,683.00		STARK, OH		48.9

		779.00		WAITE PARK		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS, MN		SAINT CLOUD				STEARNS, MN		55.2

		933.00		HOLDINGFORD		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS, MN		HOLDINGFORD				STEARNS, MN		55.2

		948.00		COLLEGEVILLE		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS, MN		COLLEGEVILLE				STEARNS, MN		55.2

		448.00		COLLEGEVILLE		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS, MN		COLLEGEVILLE		8,075.00		STEARNS, MN		55.2

		4.00		HOLDINGFORD		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS, MN		HOLDINGFORD		8,077.00		STEARNS, MN		55.2

		504.00		HOLDINGFORD		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS, MN		HOLDINGFORD		8,077.00		STEARNS, MN		55.2

		279.00		WAITE PARK		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS, MN		SAINT CLOUD		29,039.00		STEARNS, MN		55.2

		433.00		HOLDINGFORD		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS, MN		HOLDINGFORD		35,005.00		STEARNS, MN		55.2

		19.00		COLLEGEVILLE		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS, MN		COLLEGEVILLE		41,039.00		STEARNS, MN		55.2

		519.00		COLLEGEVILLE		ST. CLOUD, MN METROPOLITAN STATISTICAL AREA		STEARNS, MN		COLLEGEVILLE		41,039.00		STEARNS, MN		55.2

		747.00		HOPE				STEELE, ND		COLGATE				STEELE, ND		48.3

		247.00		HOPE				STEELE, ND		COLGATE		26,125.00		STEELE, ND		48.3

		782.00		TOCCOA		TOCCOA, GA MICROPOLITAN STATISTICAL AREA		STEPHENS, GA		TOCCOA				STEPHENS, GA		71.4

		282.00		TOCCOA		TOCCOA, GA MICROPOLITAN STATISTICAL AREA		STEPHENS, GA		TOCCOA		31,155.00		STEPHENS, GA		71.4

		730.00		EAST SETAUKET		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		SUFFOLK, NY		E SETAUKET				SUFFOLK, NY		48.5

		875.00		LINDENHURST		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		SUFFOLK, NY		HEER PARK				SUFFOLK, NY		48.5

		230.00		EAST SETAUKET		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		SUFFOLK, NY		E SETAUKET		27,021.00		SUFFOLK, NY		48.5

		375.00		LINDENHURST		NEW YORK-NEWARK-EDISON, NY-NJ-PA METROPOLITAN STATISTICAL AREA		SUFFOLK, NY		HEER PARK		38,017.00		SUFFOLK, NY		48.5

		158.00		AKRON		AKRON, OH METROPOLITAN STATISTICAL AREA		SUMMIT, OH		AKRON		6,017.00		SUMMIT, OH		42.9

		658.00		AKRON		AKRON, OH METROPOLITAN STATISTICAL AREA		SUMMIT, OH		AKRON		6,017.00		SUMMIT, OH		42.9

		94.00		PARK CITY		SALT LAKE CITY, UT METROPOLITAN STATISTICAL AREA		SUMMIT, UT		PARK CITY		26,163.00		SUMMIT, UT		51.8

		594.00		PARK CITY		SALT LAKE CITY, UT METROPOLITAN STATISTICAL AREA		SUMMIT, UT		PARK CITY		26,163.00		SUMMIT, UT		51.8

		104.00		ALEXANDER CITY				TALLAPOOSA, AL		ALEX CITY		39,173.00		TALLAPOOSA, AL		69

		604.00		ALEXANDER CITY				TALLAPOOSA, AL		ALEX CITY		39,173.00		TALLAPOOSA, AL		69

		689.00		ARLINGTON		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		ARLINGTON				TARRANT, TX		62.4

		761.00		HURST		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		HURST				TARRANT, TX		62.4

		801.00		FORT WORTH		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		FORT WORTH				TARRANT, TX		62.4

		826.00		ARLINGTON		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		ARLINGTON				TARRANT, TX		62.4

		960.00		FORT WORTH		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		FORT WORTH				TARRANT, TX		62.4

		189.00		ARLINGTON		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		ARLINGTON		6,001.00		TARRANT, TX		62.4

		75.00		MANSFIELD		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		MANSFIELD		6,073.00		TARRANT, TX		62.4

		575.00		MANSFIELD		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		MANSFIELD		6,073.00		TARRANT, TX		62.4

		31.00		FORT WORTH		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		FORT WORTH		8,041.00		TARRANT, TX		62.4

		531.00		FORT WORTH		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		FORT WORTH		8,041.00		TARRANT, TX		62.4

		79.00		ARLINGTON		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		ARLINGTON		13,111.00		TARRANT, TX		62.4

		579.00		ARLINGTON		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		ARLINGTON		13,111.00		TARRANT, TX		62.4

		460.00		FORT WORTH		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		FORT WORTH		13,121.00		TARRANT, TX		62.4

		261.00		HURST		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		HURST		18,081.00		TARRANT, TX		62.4

		301.00		FORT WORTH		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		FORT WORTH		27,009.00		TARRANT, TX		62.4

		119.00		FORT WORTH		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		FOREST HILL		29,019.00		TARRANT, TX		62.4

		619.00		FORT WORTH		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		FOREST HILL		29,019.00		TARRANT, TX		62.4

		326.00		ARLINGTON		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		ARLINGTON		36,081.00		TARRANT, TX		62.4

		87.00		KELLER		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		KELLER		53,033.00		TARRANT, TX		62.4

		587.00		KELLER		DALLAS-FORT WORTH-ARLINGTON, TX METROPOLITAN STATISTICAL AREA		TARRANT, TX		KELLER		53,033.00		TARRANT, TX		62.4

		871.00		DEL VALLE		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		TRAVIS, TX		DEL VALLE				TRAVIS, TX		42

		961.00		AUSTIN		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		TRAVIS, TX		AUSTIN				TRAVIS, TX		42

		461.00		AUSTIN		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		TRAVIS, TX		AUSTIN		6,023.00		TRAVIS, TX		42

		111.00		MANCHACA		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		TRAVIS, TX		MANCHACA		6,037.00		TRAVIS, TX		42

		611.00		MANCHACA		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		TRAVIS, TX		MANCHACA		6,037.00		TRAVIS, TX		42

		32.00		AUSTIN		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		TRAVIS, TX		AUSTIN		30,063.00		TRAVIS, TX		42

		532.00		AUSTIN		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		TRAVIS, TX		AUSTIN		30,063.00		TRAVIS, TX		42

		371.00		DEL VALLE		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		TRAVIS, TX		DEL VALLE		39,043.00		TRAVIS, TX		42

		751.00		BROKEN ARROW		TULSA, OK METROPOLITAN STATISTICAL AREA		TULSA, OK		BROKEN ARROW				TULSA, OK		64.4

		251.00		BROKEN ARROW		TULSA, OK METROPOLITAN STATISTICAL AREA		TULSA, OK		BROKEN ARROW		36,121.00		TULSA, OK		64.4

		905.00		VERNAL		VERNAL, UT MICROPOLITAN STATISTICAL AREA		UINTAH, UT		DRY FORK				UINTAH, UT		85.6

		405.00		VERNAL		VERNAL, UT MICROPOLITAN STATISTICAL AREA		UINTAH, UT		DRY FORK		25,005.00		UINTAH, UT		85.6

		673.00		AMERICAN FORK		PROVO-OREM, UT METROPOLITAN STATISTICAL AREA		UTAH, UT		AM FORK				UTAH, UT		86

		753.00		SPRINGVILLE		PROVO-OREM, UT METROPOLITAN STATISTICAL AREA		UTAH, UT		SPRINGVILLE				UTAH, UT		86

		896.00		PLEASANT GROVE		PROVO-OREM, UT METROPOLITAN STATISTICAL AREA		UTAH, UT		CEDAR HILLS				UTAH, UT		86

		396.00		PLEASANT GROVE		PROVO-OREM, UT METROPOLITAN STATISTICAL AREA		UTAH, UT		CEDAR HILLS		12,025.00		UTAH, UT		86

		253.00		SPRINGVILLE		PROVO-OREM, UT METROPOLITAN STATISTICAL AREA		UTAH, UT		SPRINGVILLE		12,101.00		UTAH, UT		86

		173.00		AMERICAN FORK		PROVO-OREM, UT METROPOLITAN STATISTICAL AREA		UTAH, UT		AM FORK		32,031.00		UTAH, UT		86

		868.00		WILLSHIRE		VAN WERT, OH MICROPOLITAN STATISTICAL AREA		VAN WERT, OH		WILLSHIRE				VAN WERT, OH		72

		368.00		WILLSHIRE		VAN WERT, OH MICROPOLITAN STATISTICAL AREA		VAN WERT, OH		WILLSHIRE		26,107.00		VAN WERT, OH		72

		987.00		OAK VIEW		OXNARD-THOUSAND OAKS-VENTURA, CA METROPOLITAN STATISTICAL AREA		VENTURA, CA		OAK VIEW				VENTURA, CA		51.2

		58.00		OAK VIEW		OXNARD-THOUSAND OAKS-VENTURA, CA METROPOLITAN STATISTICAL AREA		VENTURA, CA		OAK VIEW		6,069.00		VENTURA, CA		51.2

		558.00		OAK VIEW		OXNARD-THOUSAND OAKS-VENTURA, CA METROPOLITAN STATISTICAL AREA		VENTURA, CA		OAK VIEW		6,069.00		VENTURA, CA		51.2

		487.00		OAK VIEW		OXNARD-THOUSAND OAKS-VENTURA, CA METROPOLITAN STATISTICAL AREA		VENTURA, CA		OAK VIEW		12,071.00		VENTURA, CA		51.2

		842.00		VIRGINIA BEACH		VIRGINIA BEACH-NORFOLK-NEWPORT NEWS, VA-NC METROPOLITAN STATISTICAL AREA		VIRGINIA BEACH CITY, VA		VIRGINIA BCH				VIRGINIA BEACH CITY, VA		59.1

		342.00		VIRGINIA BEACH		VIRGINIA BEACH-NORFOLK-NEWPORT NEWS, VA-NC METROPOLITAN STATISTICAL AREA		VIRGINIA BEACH CITY, VA		VIRGINIA BCH		39,101.00		VIRGINIA BEACH CITY, VA		59.1

		663.00		NEW SMYRNA BEACH		DELTONA-DAYTONA BEACH-ORMOND BEACH, FL METROPOLITAN STATISTICAL AREA		VOLUSIA, FL		NEW SMYRNA				VOLUSIA, FL		48.9		12.3

		163.00		NEW SMYRNA BEACH		DELTONA-DAYTONA BEACH-ORMOND BEACH, FL METROPOLITAN STATISTICAL AREA		VOLUSIA, FL		NEW SMYRNA		6,095.00		VOLUSIA, FL		48.9		12.3

		686.00		WAKE FOREST		RALEIGH-CARY, NC METROPOLITAN STATISTICAL AREA		WAKE, NC		WAKE FOREST				WAKE, NC		50.8

		143.00		RALEIGH		RALEIGH-CARY, NC METROPOLITAN STATISTICAL AREA		WAKE, NC		MCCULLERS		8,075.00		WAKE, NC		50.8

		643.00		RALEIGH		RALEIGH-CARY, NC METROPOLITAN STATISTICAL AREA		WAKE, NC		MCCULLERS		8,075.00		WAKE, NC		50.8

		186.00		WAKE FOREST		RALEIGH-CARY, NC METROPOLITAN STATISTICAL AREA		WAKE, NC		WAKE FOREST		23,005.00		WAKE, NC		50.8

		708.00		SMITHS GROVE		BOWLING GREEN, KY METROPOLITAN STATISTICAL AREA		WARREN, KY		SMITHS GROVE				WARREN, KY		63.2

		208.00		SMITHS GROVE		BOWLING GREEN, KY METROPOLITAN STATISTICAL AREA		WARREN, KY		SMITHS GROVE		13,113.00		WARREN, KY		63.2

		922.00		VICKSBURG		VICKSBURG, MS MICROPOLITAN STATISTICAL AREA		WARREN, MS		VICKSBURG				WARREN, MS		57.7

		422.00		VICKSBURG		VICKSBURG, MS MICROPOLITAN STATISTICAL AREA		WARREN, MS		VICKSBURG		42,051.00		WARREN, MS		57.7

		459.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		WASHINGTON, MN		SAINT PAUL				WASHINGTON, MN		51.2

		959.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		WASHINGTON, MN		SAINT PAUL				WASHINGTON, MN		51.2

		30.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		WASHINGTON, MN		SAINT PAUL		35,001.00		WASHINGTON, MN		51.2

		530.00		SAINT PAUL		MINNEAPOLIS-ST. PAUL-BLOOMINGTON, MN-WI METROPOLITAN STATISTICAL AREA		WASHINGTON, MN		SAINT PAUL		35,001.00		WASHINGTON, MN		51.2

		901.00		PORTLAND		PORTLAND-VANCOUVER-BEAVERTON, OR-WA METROPOLITAN STATISTICAL AREA		WASHINGTON, OR		LAMBS GARDN HM  CPU				WASHINGTON, OR		46.4

		401.00		PORTLAND		PORTLAND-VANCOUVER-BEAVERTON, OR-WA METROPOLITAN STATISTICAL AREA		WASHINGTON, OR		LAMBS GARDN HM  CPU		22,063.00		WASHINGTON, OR		46.4

		793.00		HOUSTON		PITTSBURGH, PA METROPOLITAN STATISTICAL AREA		WASHINGTON, PA		HOUSTON				WASHINGTON, PA		49.6

		293.00		HOUSTON		PITTSBURGH, PA METROPOLITAN STATISTICAL AREA		WASHINGTON, PA		HOUSTON		6,037.00		WASHINGTON, PA		49.6

		760.00		JONESBOROUGH		JOHNSON CITY, TN METROPOLITAN STATISTICAL AREA		WASHINGTON, TN		JONESBORO				WASHINGTON, TN		66.1

		260.00		JONESBOROUGH		JOHNSON CITY, TN METROPOLITAN STATISTICAL AREA		WASHINGTON, TN		JONESBORO		12,011.00		WASHINGTON, TN		66.1

		881.00		EAST MONTPELIER		BARRE, VT MICROPOLITAN STATISTICAL AREA		WASHINGTON, VT		E MONTPELIER				WASHINGTON, VT		36.4

		381.00		EAST MONTPELIER		BARRE, VT MICROPOLITAN STATISTICAL AREA		WASHINGTON, VT		E MONTPELIER		21,101.00		WASHINGTON, VT		36.4

		989.00		IOLA				WAUPACA, WI		IOLA				WAUPACA, WI		59.1

		489.00		IOLA				WAUPACA, WI		IOLA		6,041.00		WAUPACA, WI		59.1

		60.00		IOLA				WAUPACA, WI		IOLA		6,107.00		WAUPACA, WI		59.1

		560.00		IOLA				WAUPACA, WI		IOLA		6,107.00		WAUPACA, WI		59.1

		774.00		WAYNE		DETROIT-WARREN-LIVONIA, MI METROPOLITAN STATISTICAL AREA		WAYNE, MI		CANTON				WAYNE, MI		29.8

		274.00		WAYNE		DETROIT-WARREN-LIVONIA, MI METROPOLITAN STATISTICAL AREA		WAYNE, MI		CANTON		24,037.00		WAYNE, MI		29.8

		880.00		NEWFOUNDLAND				WAYNE, PA		NEWFOUNDLAND				WAYNE, PA		62.4

		972.00		WAYMART				WAYNE, PA		WAYMART				WAYNE, PA		62.4

		43.00		WAYMART				WAYNE, PA		WAYMART		6,013.00		WAYNE, PA		62.4

		543.00		WAYMART				WAYNE, PA		WAYMART		6,013.00		WAYNE, PA		62.4

		380.00		NEWFOUNDLAND				WAYNE, PA		NEWFOUNDLAND		47,093.00		WAYNE, PA		62.4

		472.00		WAYMART				WAYNE, PA		WAYMART		49,049.00		WAYNE, PA		62.4

		809.00		HOOPER		OGDEN-CLEARFIELD, UT METROPOLITAN STATISTICAL AREA		WEBER, UT		HOOPER				WEBER, UT		70.4

		157.00		OGDEN		OGDEN-CLEARFIELD, UT METROPOLITAN STATISTICAL AREA		WEBER, UT		OGDEN		6,037.00		WEBER, UT		70.4

		657.00		OGDEN		OGDEN-CLEARFIELD, UT METROPOLITAN STATISTICAL AREA		WEBER, UT		OGDEN		6,037.00		WEBER, UT		70.4

		309.00		HOOPER		OGDEN-CLEARFIELD, UT METROPOLITAN STATISTICAL AREA		WEBER, UT		HOOPER		32,003.00		WEBER, UT		70.4

		758.00		GREELEY		GREELEY, CO METROPOLITAN STATISTICAL AREA		WELD, CO		GREELEY				WELD, CO		62.7

		258.00		GREELEY		GREELEY, CO METROPOLITAN STATISTICAL AREA		WELD, CO		GREELEY		47,033.00		WELD, CO		62.7

		924.00		CADILLAC		CADILLAC, MI MICROPOLITAN STATISTICAL AREA		WEXFORD, MI		CADILLAC				WEXFORD, MI		59.1

		424.00		CADILLAC		CADILLAC, MI MICROPOLITAN STATISTICAL AREA		WEXFORD, MI		CADILLAC		17,097.00		WEXFORD, MI		59.1

		785.00		WICHITA FALLS		WICHITA FALLS, TX METROPOLITAN STATISTICAL AREA		WICHITA, TX		WICHITA FALLS				WICHITA, TX		71.3

		285.00		WICHITA FALLS		WICHITA FALLS, TX METROPOLITAN STATISTICAL AREA		WICHITA, TX		WICHITA FALLS		12,015.00		WICHITA, TX		71.3

		920.00		NAPERVILLE		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		WILL, IL		NAPERVILLE				WILL, IL		52.4

		420.00		NAPERVILLE		CHICAGO-NAPERVILLE-JOLIET, IL-IN-WI METROPOLITAN STATISTICAL AREA		WILL, IL		NAPERVILLE		6,037.00		WILL, IL		52.4

		958.00		MONTPELIER				WILLIAMS, OH		MONTPELIER				WILLIAMS, OH		64.6

		458.00		MONTPELIER				WILLIAMS, OH		MONTPELIER		4,019.00		WILLIAMS, OH		64.6

		29.00		MONTPELIER				WILLIAMS, OH		MONTPELIER		30,049.00		WILLIAMS, OH		64.6

		529.00		MONTPELIER				WILLIAMS, OH		MONTPELIER		30,049.00		WILLIAMS, OH		64.6

		900.00		HUTTO		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		WILLIAMSON, TX		HUTTO				WILLIAMSON, TX		65

		400.00		HUTTO		AUSTIN-ROUND ROCK, TX METROPOLITAN STATISTICAL AREA		WILLIAMSON, TX		HUTTO		41,039.00		WILLIAMSON, TX		65

		759.00		STANTONSBURG		WILSON, NC MICROPOLITAN STATISTICAL AREA		WILSON, NC		STANTONSBURG				WILSON, NC		53.3

		259.00		STANTONSBURG		WILSON, NC MICROPOLITAN STATISTICAL AREA		WILSON, NC		STANTONSBURG		12,011.00		WILSON, NC		53.3

		876.00		WOODSTOCK		WILLIMANTIC, CT MICROPOLITAN STATISTICAL AREA		WINDHAM, CT		WOODSTOCK				WINDHAM, CT		45.7

		376.00		WOODSTOCK		WILLIMANTIC, CT MICROPOLITAN STATISTICAL AREA		WINDHAM, CT		WOODSTOCK		6,005.00		WINDHAM, CT		45.7

		687.00		QUITMAN				WOOD, TX		OAK GROVE				WOOD, TX		75.8

		187.00		QUITMAN				WOOD, TX		OAK GROVE		27,037.00		WOOD, TX		75.8

		940.00		SIOUX CITY		SIOUX CITY, IA-NE-SD METROPOLITAN STATISTICAL AREA		WOODBURY, IA		SIOUX CITY				WOODBURY, IA		50.8

		440.00		SIOUX CITY		SIOUX CITY, IA-NE-SD METROPOLITAN STATISTICAL AREA		WOODBURY, IA		SIOUX CITY		6,029.00		WOODBURY, IA		50.8

		11.00		SIOUX CITY		SIOUX CITY, IA-NE-SD METROPOLITAN STATISTICAL AREA		WOODBURY, IA		SIOUX CITY		19,165.00		WOODBURY, IA		50.8

		511.00		SIOUX CITY		SIOUX CITY, IA-NE-SD METROPOLITAN STATISTICAL AREA		WOODBURY, IA		SIOUX CITY		19,165.00		WOODBURY, IA		50.8

		661.00		HARVARD		WORCESTER, MA METROPOLITAN STATISTICAL AREA		WORCESTER, MA		HARVARD				WORCESTER, MA		42.3

		781.00		WORCESTER		WORCESTER, MA METROPOLITAN STATISTICAL AREA		WORCESTER, MA		WORCESTER				WORCESTER, MA		42.3

		161.00		HARVARD		WORCESTER, MA METROPOLITAN STATISTICAL AREA		WORCESTER, MA		HARVARD		37,155.00		WORCESTER, MA		42.3

		281.00		WORCESTER		WORCESTER, MA METROPOLITAN STATISTICAL AREA		WORCESTER, MA		WORCESTER		49,045.00		WORCESTER, MA		42.3

		725.00		KENNEBUNKPORT		PORTLAND-SOUTH PORTLAND, ME METROPOLITAN STATISTICAL AREA		YORK, ME		KENNEBUNKPORT				YORK, ME		45

		840.00		KITTERY POINT		PORTLAND-SOUTH PORTLAND, ME METROPOLITAN STATISTICAL AREA		YORK, ME		KITTERY POINT				YORK, ME		45

		225.00		KENNEBUNKPORT		PORTLAND-SOUTH PORTLAND, ME METROPOLITAN STATISTICAL AREA		YORK, ME		KENNEBUNKPORT		27,053.00		YORK, ME		45

		340.00		KITTERY POINT		PORTLAND-SOUTH PORTLAND, ME METROPOLITAN STATISTICAL AREA		YORK, ME		KITTERY POINT		34,029.00		YORK, ME		45

		969.00		GLEN ROCK		YORK-HANOVER, PA METROPOLITAN STATISTICAL AREA		YORK, PA		GLEN ROCK				YORK, PA		63.7

		40.00		GLEN ROCK		YORK-HANOVER, PA METROPOLITAN STATISTICAL AREA		YORK, PA		GLEN ROCK		4,013.00		YORK, PA		63.7

		540.00		GLEN ROCK		YORK-HANOVER, PA METROPOLITAN STATISTICAL AREA		YORK, PA		GLEN ROCK		4,013.00		YORK, PA		63.7

		469.00		GLEN ROCK		YORK-HANOVER, PA METROPOLITAN STATISTICAL AREA		YORK, PA		GLEN ROCK		48,027.00		YORK, PA		63.7






justin_voting_data

		case		city				case		city

		1.00		EAST SAINT LOUIS				501.00		EAST SAINT LOUIS

		2.00		SAINT LOUIS				502.00		SAINT LOUIS

		3.00		EDWARDS				503.00		EDWARDS

		4.00		HOLDINGFORD				504.00		HOLDINGFORD

		5.00		WICHITA				505.00		WICHITA

		6.00		PALMYRA				506.00		PALMYRA

		7.00		GILBERT				507.00		GILBERT

		8.00		MIDDLETOWN				508.00		MIDDLETOWN

		9.00		BOX ELDER				509.00		BOX ELDER

		10.00		ORLANDO				510.00		ORLANDO

		11.00		SIOUX CITY				511.00		SIOUX CITY

		12.00		GROVE CITY				512.00		GROVE CITY

		13.00		CLEVELAND				513.00		CLEVELAND

		14.00		VACAVILLE				514.00		VACAVILLE

		15.00		HINTON				515.00		HINTON

		16.00		KENOSHA				516.00		KENOSHA

		17.00		BLOOMFIELD				517.00		BLOOMFIELD

		18.00		ATLANTA				518.00		ATLANTA

		19.00		COLLEGEVILLE				519.00		COLLEGEVILLE

		20.00		HOLLYWOOD				520.00		HOLLYWOOD

		21.00		FLORENCE				521.00		FLORENCE

		22.00		PORTLAND				522.00		PORTLAND

		23.00		SARASOTA				523.00		SARASOTA

		24.00		HUTCHINSON				524.00		HUTCHINSON

		25.00		PASADENA				525.00		PASADENA

		26.00		HOUSTON				526.00		HOUSTON

		27.00		DOYLESTOWN				527.00		DOYLESTOWN

		28.00		NEW BERN				528.00		NEW BERN

		29.00		MONTPELIER				529.00		MONTPELIER

		30.00		SAINT PAUL				530.00		SAINT PAUL

		31.00		FORT WORTH				531.00		FORT WORTH

		32.00		AUSTIN				532.00		AUSTIN

		33.00		TACOMA				533.00		TACOMA

		34.00		SILVER SPRING				534.00		SILVER SPRING

		35.00		KAPAAU				535.00		KAPAAU

		36.00		CLEVELAND				536.00		CLEVELAND

		37.00		LOS ANGELES				537.00		LOS ANGELES

		38.00		BROOKLAND				538.00		BROOKLAND

		39.00		TALLAHASSEE				539.00		TALLAHASSEE

		40.00		GLEN ROCK				540.00		GLEN ROCK

		41.00		FORT LAUDERDALE				541.00		FORT LAUDERDALE

		42.00		AURORA				542.00		AURORA

		43.00		WAYMART				543.00		WAYMART

		44.00		BOSSIER CITY				544.00		BOSSIER CITY

		45.00		FLAGLER BEACH				545.00		FLAGLER BEACH

		46.00		SPOKANE				546.00		SPOKANE

		47.00		CLARKSBURG				547.00		CLARKSBURG

		48.00		CHICAGO				548.00		CHICAGO

		49.00		EAST SYRACUSE				549.00		EAST SYRACUSE

		50.00		MOUNTAIN CENTER				550.00		MOUNTAIN CENTER

		51.00		EL SEGUNDO				551.00		EL SEGUNDO

		52.00		GREENSBORO				552.00		GREENSBORO

		53.00		FORT LAUDERDALE				553.00		FORT LAUDERDALE

		54.00		DELTA				554.00		DELTA

		55.00		NORTH AUGUSTA				555.00		NORTH AUGUSTA

		56.00		LAWNDALE				556.00		LAWNDALE

		57.00		ATLANTA				557.00		ATLANTA

		58.00		OAK VIEW				558.00		OAK VIEW

		59.00		RICHMOND				559.00		RICHMOND

		60.00		IOLA				560.00		IOLA

		61.00		TECUMSEH				561.00		TECUMSEH

		62.00		SEQUIM				562.00		SEQUIM

		63.00		FAYETTEVILLE				563.00		FAYETTEVILLE

		64.00		VAN NUYS				564.00		VAN NUYS

		65.00		HOUSTON				565.00		HOUSTON

		66.00		NEWPORT				566.00		NEWPORT

		67.00		KISSIMMEE				567.00		KISSIMMEE

		68.00		SCRANTON				568.00		SCRANTON

		69.00		MILWAUKEE				569.00		MILWAUKEE

		70.00		TOLEDO				570.00		TOLEDO

		71.00		CANTON				571.00		CANTON

		72.00		HOUSTON				572.00		HOUSTON

		73.00		BALATON				573.00		BALATON

		74.00		NEW PARIS				574.00		NEW PARIS

		75.00		MANSFIELD				575.00		MANSFIELD

		76.00		MARSHALL				576.00		MARSHALL

		77.00		BONIFAY				577.00		BONIFAY

		78.00		COLORADO SPRINGS				578.00		COLORADO SPRINGS

		79.00		ARLINGTON				579.00		ARLINGTON

		80.00		BOZEMAN				580.00		BOZEMAN

		81.00		JEFFERSON CITY				581.00		JEFFERSON CITY

		82.00		WRIGHTWOOD				582.00		WRIGHTWOOD

		83.00		JOPLIN				583.00		JOPLIN

		84.00		HOUSTON				584.00		HOUSTON

		85.00		DES MOINES				585.00		DES MOINES

		86.00		GRASONVILLE				586.00		GRASONVILLE

		87.00		KELLER				587.00		KELLER

		88.00		TASLEY				588.00		TASLEY

		89.00		SPRING				589.00		SPRING

		90.00		RICHARDSON				590.00		RICHARDSON

		91.00		TOPEKA				591.00		TOPEKA

		92.00		FROHNA				592.00		FROHNA

		93.00		MARION				593.00		MARION

		94.00		PARK CITY				594.00		PARK CITY

		95.00		BUFFALO				595.00		BUFFALO

		96.00		LAKE DALLAS				596.00		LAKE DALLAS

		97.00		MURFREESBORO				597.00		MURFREESBORO

		98.00		CORDOVA				598.00		CORDOVA

		99.00		HAUBSTADT				599.00		HAUBSTADT

		100.00		HOUSTON				600.00		HOUSTON

		101.00		CARLTON				601.00		CARLTON

		102.00		BRADLEY				602.00		BRADLEY

		103.00		BRANDON				603.00		BRANDON

		104.00		ALEXANDER CITY				604.00		ALEXANDER CITY

		105.00		INDIANAPOLIS				605.00		INDIANAPOLIS

		106.00		PENSACOLA				606.00		PENSACOLA

		107.00		CHAPEL HILL				607.00		CHAPEL HILL

		108.00		BATON ROUGE				608.00		BATON ROUGE

		109.00		WINONA				609.00		WINONA

		110.00		NEW OXFORD				610.00		NEW OXFORD

		111.00		MANCHACA				611.00		MANCHACA

		112.00		SAINT LOUIS				612.00		SAINT LOUIS

		113.00		CHASKA				613.00		CHASKA

		114.00		BROOKLYN				614.00		BROOKLYN

		115.00		BLYTHEVILLE				615.00		BLYTHEVILLE

		116.00		MILWAUKEE				616.00		MILWAUKEE

		117.00		BELVIDERE				617.00		BELVIDERE

		118.00		MOUNT MORRIS				618.00		MOUNT MORRIS

		119.00		FORT WORTH				619.00		FORT WORTH

		120.00		FLORENCE				620.00		FLORENCE

		121.00		DE PERE				621.00		DE PERE

		122.00		WESTFIELD				622.00		WESTFIELD

		123.00		CHANDLER				623.00		CHANDLER

		124.00		ORLANDO				624.00		ORLANDO

		125.00		HOLLYWOOD				625.00		HOLLYWOOD

		126.00		FOND DU LAC				626.00		FOND DU LAC

		127.00		HEMET				627.00		HEMET

		128.00		MICKLETON				628.00		MICKLETON

		129.00		LUTZ				629.00		LUTZ

		130.00		HUDSON				630.00		HUDSON

		131.00		CHESAPEAKE				631.00		CHESAPEAKE

		132.00		HARWOOD				632.00		HARWOOD

		133.00		GRANITE CITY				633.00		GRANITE CITY

		134.00		WEST CHESTER				634.00		WEST CHESTER

		135.00		SAINT CLOUD				635.00		SAINT CLOUD

		136.00		BRADENTON				636.00		BRADENTON

		137.00		POOLER				637.00		POOLER

		138.00		TAMPA				638.00		TAMPA

		139.00		PORTLAND				639.00		PORTLAND

		140.00		STEPHENS CITY				640.00		STEPHENS CITY

		141.00		CONCORDIA				641.00		CONCORDIA

		142.00		NEOSHO				642.00		NEOSHO

		143.00		RALEIGH				643.00		RALEIGH

		144.00		PAWTUCKET				644.00		PAWTUCKET

		145.00		SPOKANE				645.00		SPOKANE

		146.00		ROCHESTER				646.00		ROCHESTER

		147.00		SAINT PETERSBURG				647.00		SAINT PETERSBURG

		148.00		CUSSETA				648.00		CUSSETA

		149.00		SCHOFIELD				649.00		SCHOFIELD

		150.00		FAIRFIELD				650.00		FAIRFIELD

		151.00		DURHAM				651.00		DURHAM

		152.00		BATTLE CREEK				652.00		BATTLE CREEK

		153.00		CHARLESTON				653.00		CHARLESTON

		154.00		IVESDALE				654.00		IVESDALE

		155.00		LOUISVILLE				655.00		LOUISVILLE

		156.00		ELKHART				656.00		ELKHART

		157.00		OGDEN				657.00		OGDEN

		158.00		AKRON				658.00		AKRON

		159.00		STATEN ISLAND				659.00		STATEN ISLAND

		160.00		BUFFALO				660.00		BUFFALO

		161.00		HARVARD				661.00		HARVARD

		162.00		ARVADA				662.00		ARVADA

		163.00		NEW SMYRNA BEACH				663.00		NEW SMYRNA BEACH

		164.00		LOUISVILLE				664.00		LOUISVILLE

		165.00		FOREST HILLS				665.00		FOREST HILLS

		166.00		COLLEGE STATION				666.00		COLLEGE STATION

		167.00		FAR ROCKAWAY				667.00		FAR ROCKAWAY

		168.00		TUCSON				668.00		TUCSON

		169.00		ALBUQUERQUE				669.00		ALBUQUERQUE

		170.00		BOZEMAN				670.00		BOZEMAN

		171.00		GARDENDALE				671.00		GARDENDALE

		172.00		MEEKER				672.00		MEEKER

		173.00		AMERICAN FORK				673.00		AMERICAN FORK

		174.00		MC CORDSVILLE				674.00		MC CORDSVILLE

		175.00		ROSLYN HEIGHTS				675.00		ROSLYN HEIGHTS

		176.00		COLUMBUS				676.00		COLUMBUS

		177.00		SUNNYVALE				677.00		SUNNYVALE

		178.00		HOUSTON				678.00		HOUSTON

		179.00		ALPHARETTA				679.00		ALPHARETTA

		180.00		FAIRFIELD				680.00		FAIRFIELD

		181.00		VAIL				681.00		VAIL

		182.00		SCOTRUN				682.00		SCOTRUN

		183.00		SPRINGFIELD				683.00		SPRINGFIELD

		184.00		HEALDSBURG				684.00		HEALDSBURG

		185.00		OLDFIELD				685.00		OLDFIELD

		186.00		WAKE FOREST				686.00		WAKE FOREST

		187.00		QUITMAN				687.00		QUITMAN

		188.00		HASTINGS				688.00		HASTINGS

		189.00		ARLINGTON				689.00		ARLINGTON

		190.00		LEWISTON				690.00		LEWISTON

		191.00		HILLSBORO				691.00		HILLSBORO

		192.00		SAINT PAUL				692.00		SAINT PAUL

		193.00		DALLAS				693.00		DALLAS

		194.00		SCRANTON				694.00		SCRANTON

		195.00		GARDEN CITY				695.00		GARDEN CITY

		196.00		BROOKLYN				696.00		BROOKLYN

		197.00		HOLLYWOOD				697.00		HOLLYWOOD

		198.00		DEERFIELD				698.00		DEERFIELD

		199.00		INDIANAPOLIS				699.00		INDIANAPOLIS

		200.00		SPRINGFIELD				700.00		SPRINGFIELD

		201.00		MECHANICSBURG				701.00		MECHANICSBURG

		202.00		CINCINNATI				702.00		CINCINNATI

		203.00		INDIANAPOLIS				703.00		INDIANAPOLIS

		204.00		HASTINGS				704.00		HASTINGS

		205.00		BAKERSFIELD				705.00		BAKERSFIELD

		206.00		CROSS PLAINS				706.00		CROSS PLAINS

		207.00		MESA				707.00		MESA

		208.00		SMITHS GROVE				708.00		SMITHS GROVE

		209.00		MONTELLO				709.00		MONTELLO

		210.00		CARMICHAEL				710.00		CARMICHAEL

		211.00		LEES SUMMIT				711.00		LEES SUMMIT

		212.00		JOPPA				712.00		JOPPA

		213.00		SPRING				713.00		SPRING

		214.00		WINTER HAVEN				714.00		WINTER HAVEN

		215.00		BILOXI				715.00		BILOXI

		216.00		SILSBEE				716.00		SILSBEE

		217.00		STERLING HEIGHTS				717.00		STERLING HEIGHTS

		218.00		MILFORD				718.00		MILFORD

		219.00		LEECHBURG				719.00		LEECHBURG

		220.00		WINTER HAVEN				720.00		WINTER HAVEN

		221.00		KINTNERSVILLE				721.00		KINTNERSVILLE

		222.00		MARION				722.00		MARION

		223.00		BLOOMFIELD HILLS				723.00		BLOOMFIELD HILLS

		224.00		NAPLES				724.00		NAPLES

		225.00		KENNEBUNKPORT				725.00		KENNEBUNKPORT

		226.00		GETZVILLE				726.00		GETZVILLE

		227.00		BROCKTON				727.00		BROCKTON

		228.00		ELLENTON				728.00		ELLENTON

		229.00		ISABAN				729.00		ISABAN

		230.00		EAST SETAUKET				730.00		EAST SETAUKET

		231.00		OMAHA				731.00		OMAHA

		232.00		SOUTHBURY				732.00		SOUTHBURY

		233.00		COLUMBUS				733.00		COLUMBUS

		234.00		SMYRNA				734.00		SMYRNA

		235.00		GREEN BAY				735.00		GREEN BAY

		236.00		RIVERSIDE				736.00		RIVERSIDE

		237.00		SUGAR LAND				737.00		SUGAR LAND

		238.00		WAYNESBURG				738.00		WAYNESBURG

		239.00		LEXINGTON PARK				739.00		LEXINGTON PARK

		240.00		HIDALGO				740.00		HIDALGO

		241.00		CHAPEL HILL				741.00		CHAPEL HILL

		242.00		BUFFALO				742.00		BUFFALO

		243.00		COLUMBIA				743.00		COLUMBIA

		244.00		GRANDVIEW				744.00		GRANDVIEW

		245.00		BURLINGTON				745.00		BURLINGTON

		246.00		SOMERSET				746.00		SOMERSET

		247.00		HOPE				747.00		HOPE

		248.00		TOWNSEND				748.00		TOWNSEND

		249.00		MANTECA				749.00		MANTECA

		250.00		ESPERANCE				750.00		ESPERANCE

		251.00		BROKEN ARROW				751.00		BROKEN ARROW

		252.00		MISSOULA				752.00		MISSOULA

		253.00		SPRINGVILLE				753.00		SPRINGVILLE

		254.00		LAKELAND				754.00		LAKELAND

		255.00		PELHAM				755.00		PELHAM

		256.00		STANWOOD				756.00		STANWOOD

		257.00		SALINAS				757.00		SALINAS

		258.00		GREELEY				758.00		GREELEY

		259.00		STANTONSBURG				759.00		STANTONSBURG

		260.00		JONESBOROUGH				760.00		JONESBOROUGH

		261.00		HURST				761.00		HURST

		262.00		WATERLOO				762.00		WATERLOO

		263.00		SAINT LOUIS				763.00		SAINT LOUIS

		264.00		GLENSIDE				764.00		GLENSIDE

		265.00		CARSON CITY				765.00		CARSON CITY

		266.00		POLK CITY				766.00		POLK CITY

		267.00		GRAND JUNCTION				767.00		GRAND JUNCTION

		268.00		BIRMINGHAM				768.00		BIRMINGHAM

		269.00		SAINT PAUL				769.00		SAINT PAUL

		270.00		CROWN POINT				770.00		CROWN POINT

		271.00		CHESTERFIELD				771.00		CHESTERFIELD

		272.00		PUYALLUP				772.00		PUYALLUP

		273.00		COLUMBUS				773.00		COLUMBUS

		274.00		WAYNE				774.00		WAYNE

		275.00		WENATCHEE				775.00		WENATCHEE

		276.00		BLUE RIVER				776.00		BLUE RIVER

		277.00		SOUTHBURY				777.00		SOUTHBURY

		278.00		BOVEY				778.00		BOVEY

		279.00		WAITE PARK				779.00		WAITE PARK

		280.00		HARRISONBURG				780.00		HARRISONBURG

		281.00		WORCESTER				781.00		WORCESTER

		282.00		TOCCOA				782.00		TOCCOA

		283.00		RANCHO CUCAMONGA				783.00		RANCHO CUCAMONGA

		284.00		RICEVILLE				784.00		RICEVILLE

		285.00		WICHITA FALLS				785.00		WICHITA FALLS

		286.00		LITITZ				786.00		LITITZ

		287.00		NAPLES				787.00		NAPLES

		288.00		NICEVILLE				788.00		NICEVILLE

		289.00		TORONTO				789.00		TORONTO

		290.00		BRONX				790.00		BRONX

		291.00		NEW CASTLE				791.00		NEW CASTLE

		292.00		ROMULUS				792.00		ROMULUS

		293.00		HOUSTON				793.00		HOUSTON

		294.00		FOND DU LAC				794.00		FOND DU LAC

		295.00		ORANGE				795.00		ORANGE

		296.00		WILDWOOD				796.00		WILDWOOD

		297.00		SAN ANTONIO				797.00		SAN ANTONIO

		298.00		CONCORD				798.00		CONCORD

		299.00		SAINT PAUL				799.00		SAINT PAUL

		300.00		INDEPENDENCE				800.00		INDEPENDENCE

		301.00		FORT WORTH				801.00		FORT WORTH

		302.00		SANDY				802.00		SANDY

		303.00		PINELLAS PARK				803.00		PINELLAS PARK

		304.00		BOONEVILLE				804.00		BOONEVILLE

		305.00		WARREN				805.00		WARREN

		306.00		GLEN BURNIE				806.00		GLEN BURNIE

		307.00		MILNER				807.00		MILNER

		308.00		HELENA				808.00		HELENA

		309.00		HOOPER				809.00		HOOPER

		310.00		JOPLIN				810.00		JOPLIN

		311.00		HYRUM				811.00		HYRUM

		312.00		BATON ROUGE				812.00		BATON ROUGE

		313.00		ONTARIO				813.00		ONTARIO

		314.00		CHICAGO				814.00		CHICAGO

		315.00		KLAMATH FALLS				815.00		KLAMATH FALLS

		316.00		WESTON				816.00		WESTON

		317.00		CASPER				817.00		CASPER

		318.00		BAYTOWN				818.00		BAYTOWN

		319.00		WAYNESBORO				819.00		WAYNESBORO

		320.00		NORFOLK				820.00		NORFOLK

		321.00		MEMPHIS				821.00		MEMPHIS

		322.00		SPOKANE				822.00		SPOKANE

		323.00		BURLINGTON				823.00		BURLINGTON

		324.00		BAYTOWN				824.00		BAYTOWN

		325.00		MANITOWOC				825.00		MANITOWOC

		326.00		ARLINGTON				826.00		ARLINGTON

		327.00		MIAMI				827.00		MIAMI

		328.00		BETHLEHEM				828.00		BETHLEHEM

		329.00		JOPLIN				829.00		JOPLIN

		330.00		SPRING				830.00		SPRING

		331.00		NAUGATUCK				831.00		NAUGATUCK

		332.00		GLENOLDEN				832.00		GLENOLDEN

		333.00		BRADENTON				833.00		BRADENTON

		334.00		AIKEN				834.00		AIKEN

		335.00		PENSACOLA				835.00		PENSACOLA

		336.00		PRINCE FREDERICK				836.00		PRINCE FREDERICK

		337.00		RISING SUN				837.00		RISING SUN

		338.00		MILAN				838.00		MILAN

		339.00		PETAL				839.00		PETAL

		340.00		KITTERY POINT				840.00		KITTERY POINT

		341.00		GATE CITY				841.00		GATE CITY

		342.00		VIRGINIA BEACH				842.00		VIRGINIA BEACH

		343.00		VALDOSTA				843.00		VALDOSTA

		344.00		READING				844.00		READING

		345.00		AUBURN				845.00		AUBURN

		346.00		DOVER				846.00		DOVER

		347.00		MILLERSVILLE				847.00		MILLERSVILLE

		348.00		DEPEW				848.00		DEPEW

		349.00		SAINT LOUIS				849.00		SAINT LOUIS

		350.00		SCHELLSBURG				850.00		SCHELLSBURG

		351.00		MASSILLON				851.00		MASSILLON

		352.00		WENATCHEE				852.00		WENATCHEE

		353.00		OAKLAND CITY				853.00		OAKLAND CITY

		354.00		BROOKFIELD				854.00		BROOKFIELD

		355.00		COLTON				855.00		COLTON

		356.00		HAMPTON				856.00		HAMPTON

		357.00		NEW YORK				857.00		NEW YORK

		358.00		ENGLEWOOD				858.00		ENGLEWOOD

		359.00		KLAMATH FALLS				859.00		KLAMATH FALLS

		360.00		EL PASO				860.00		EL PASO

		361.00		ALEXANDRIA				861.00		ALEXANDRIA

		362.00		TOLEDO				862.00		TOLEDO

		363.00		MANCHESTER				863.00		MANCHESTER

		364.00		LAWTON				864.00		LAWTON

		365.00		CABOT				865.00		CABOT

		366.00		JEFFERSON CITY				866.00		JEFFERSON CITY

		367.00		HYATTSVILLE				867.00		HYATTSVILLE

		368.00		WILLSHIRE				868.00		WILLSHIRE

		369.00		SAN ANTONIO				869.00		SAN ANTONIO

		370.00		LOUISVILLE				870.00		LOUISVILLE

		371.00		DEL VALLE				871.00		DEL VALLE

		372.00		FAIRPORT				872.00		FAIRPORT

		373.00		HIRAM				873.00		HIRAM

		374.00		SOUTH BEND				874.00		SOUTH BEND

		375.00		LINDENHURST				875.00		LINDENHURST

		376.00		WOODSTOCK				876.00		WOODSTOCK

		377.00		HELENA				877.00		HELENA

		378.00		HAWTHORNE				878.00		HAWTHORNE

		379.00		CUMMING				879.00		CUMMING

		380.00		NEWFOUNDLAND				880.00		NEWFOUNDLAND

		381.00		EAST MONTPELIER				881.00		EAST MONTPELIER

		382.00		HASTINGS				882.00		HASTINGS

		383.00		HOLLYWOOD				883.00		HOLLYWOOD

		384.00		MINNEAPOLIS				884.00		MINNEAPOLIS

		385.00		MARYVILLE				885.00		MARYVILLE

		386.00		TROY				886.00		TROY

		387.00		GREEN VALLEY				887.00		GREEN VALLEY

		388.00		CUDAHY				888.00		CUDAHY

		389.00		HELENA				889.00		HELENA

		390.00		INGLEWOOD				890.00		INGLEWOOD

		391.00		SHEBOYGAN				891.00		SHEBOYGAN

		392.00		BLACKLICK				892.00		BLACKLICK

		393.00		BRIGHTON				893.00		BRIGHTON

		394.00		BASALT				894.00		BASALT

		395.00		WIGGINS				895.00		WIGGINS

		396.00		PLEASANT GROVE				896.00		PLEASANT GROVE

		397.00		NORWOOD				897.00		NORWOOD

		398.00		GRAND FORKS				898.00		GRAND FORKS

		399.00		VISTA				899.00		VISTA

		400.00		HUTTO				900.00		HUTTO

		401.00		PORTLAND				901.00		PORTLAND

		402.00		SALT LAKE CITY				902.00		SALT LAKE CITY

		403.00		ATHENS				903.00		ATHENS

		404.00		BEL AIR				904.00		BEL AIR

		405.00		VERNAL				905.00		VERNAL

		406.00		WESTMINSTER				906.00		WESTMINSTER

		407.00		SCHERERVILLE				907.00		SCHERERVILLE

		408.00		MADISON				908.00		MADISON

		409.00		ROWLETT				909.00		ROWLETT

		410.00		GUSTON				910.00		GUSTON

		411.00		ANCHORAGE				911.00		ANCHORAGE

		412.00		BOISE				912.00		BOISE

		413.00		CAPTAIN COOK				913.00		CAPTAIN COOK

		414.00		ARVADA				914.00		ARVADA

		415.00		FARMINGTON				915.00		FARMINGTON

		416.00		POCATELLO				916.00		POCATELLO

		417.00		PANORAMA CITY				917.00		PANORAMA CITY

		418.00		NORTH MYRTLE BEACH				918.00		NORTH MYRTLE BEACH

		419.00		AVA				919.00		AVA

		420.00		NAPERVILLE				920.00		NAPERVILLE

		421.00		SPRINGFIELD				921.00		SPRINGFIELD

		422.00		VICKSBURG				922.00		VICKSBURG

		423.00		SYRACUSE				923.00		SYRACUSE

		424.00		CADILLAC				924.00		CADILLAC

		425.00		BLACHLY				925.00		BLACHLY

		426.00		SAMMAMISH				926.00		SAMMAMISH

		427.00		KEYSVILLE				927.00		KEYSVILLE

		428.00		PENSACOLA				928.00		PENSACOLA

		429.00		TINLEY PARK				929.00		TINLEY PARK

		430.00		EAST SAINT LOUIS				930.00		EAST SAINT LOUIS

		431.00		SAINT LOUIS				931.00		SAINT LOUIS

		432.00		EDWARDS				932.00		EDWARDS

		433.00		HOLDINGFORD				933.00		HOLDINGFORD

		434.00		WICHITA				934.00		WICHITA

		435.00		PALMYRA				935.00		PALMYRA

		436.00		GILBERT				936.00		GILBERT

		437.00		MIDDLETOWN				937.00		MIDDLETOWN

		438.00		BOX ELDER				938.00		BOX ELDER

		439.00		ORLANDO				939.00		ORLANDO

		440.00		SIOUX CITY				940.00		SIOUX CITY

		441.00		GROVE CITY				941.00		GROVE CITY

		442.00		CLEVELAND				942.00		CLEVELAND

		443.00		VACAVILLE				943.00		VACAVILLE

		444.00		HINTON				944.00		HINTON

		445.00		KENOSHA				945.00		KENOSHA

		446.00		BLOOMFIELD				946.00		BLOOMFIELD

		447.00		ATLANTA				947.00		ATLANTA

		448.00		COLLEGEVILLE				948.00		COLLEGEVILLE

		449.00		HOLLYWOOD				949.00		HOLLYWOOD

		450.00		FLORENCE				950.00		FLORENCE

		451.00		PORTLAND				951.00		PORTLAND

		452.00		SARASOTA				952.00		SARASOTA

		453.00		HUTCHINSON				953.00		HUTCHINSON

		454.00		PASADENA				954.00		PASADENA

		455.00		HOUSTON				955.00		HOUSTON

		456.00		DOYLESTOWN				956.00		DOYLESTOWN

		457.00		NEW BERN				957.00		NEW BERN

		458.00		MONTPELIER				958.00		MONTPELIER

		459.00		SAINT PAUL				959.00		SAINT PAUL

		460.00		FORT WORTH				960.00		FORT WORTH

		461.00		AUSTIN				961.00		AUSTIN

		462.00		TACOMA				962.00		TACOMA

		463.00		SILVER SPRING				963.00		SILVER SPRING

		464.00		KAPAAU				964.00		KAPAAU

		465.00		CLEVELAND				965.00		CLEVELAND

		466.00		LOS ANGELES				966.00		LOS ANGELES

		467.00		BROOKLAND				967.00		BROOKLAND

		468.00		TALLAHASSEE				968.00		TALLAHASSEE

		469.00		GLEN ROCK				969.00		GLEN ROCK

		470.00		FORT LAUDERDALE				970.00		FORT LAUDERDALE

		471.00		AURORA				971.00		AURORA

		472.00		WAYMART				972.00		WAYMART

		473.00		BOSSIER CITY				973.00		BOSSIER CITY

		474.00		FLAGLER BEACH				974.00		FLAGLER BEACH

		475.00		SPOKANE				975.00		SPOKANE

		476.00		CLARKSBURG				976.00		CLARKSBURG

		477.00		CHICAGO				977.00		CHICAGO

		478.00		EAST SYRACUSE				978.00		EAST SYRACUSE

		479.00		MOUNTAIN CENTER				979.00		MOUNTAIN CENTER

		480.00		EL SEGUNDO				980.00		EL SEGUNDO

		481.00		GREENSBORO				981.00		GREENSBORO

		482.00		FORT LAUDERDALE				982.00		FORT LAUDERDALE

		483.00		DELTA				983.00		DELTA

		484.00		NORTH AUGUSTA				984.00		NORTH AUGUSTA

		485.00		LAWNDALE				985.00		LAWNDALE

		486.00		ATLANTA				986.00		ATLANTA

		487.00		OAK VIEW				987.00		OAK VIEW

		488.00		RICHMOND				988.00		RICHMOND

		489.00		IOLA				989.00		IOLA

		490.00		TECUMSEH				990.00		TECUMSEH

		491.00		SEQUIM				991.00		SEQUIM

		492.00		FAYETTEVILLE				992.00		FAYETTEVILLE

		493.00		VAN NUYS				993.00		VAN NUYS

		494.00		HOUSTON				994.00		HOUSTON

		495.00		NEWPORT				995.00		NEWPORT

		496.00		KISSIMMEE				996.00		KISSIMMEE

		497.00		SCRANTON				997.00		SCRANTON

		498.00		MILWAUKEE				998.00		MILWAUKEE

		499.00		TOLEDO				999.00		TOLEDO

		500.00		CANTON				1,000.00		CANTON
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I’d Like to Thank you All for Coming This Morning…



The paper I’m presenting is collaborative work with Eric Stewart and Justin Pickett at FSU.



As the title suggests, our work examines the role that ethnic threat dynamics play in public support for use of ethnic considerations in criminal sentencing
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Prior Research on Race and Punishment

		Racial Divide in Public Opinion



Racial/ethnic minorities have lower levels of support and greater perceived inequality in punishment 

Bobo & Johnson (2004); Cohn et al. (1991); Hagan & Albonetti, (1982)

		Group Threat and Social Control



Minority populations linked to punitiveness, fear of crime, police size, arrest rates, imprisonment, capital punishment etc

King & Wheelock (2007); Chiricos et al (2001); Jackson (1989) etc.

		Racial Disparity in Sentencing



Minorities often punishment more harshly, particularly in contexts high in racial threat

Mitchell (2007); Spohn (2000); Ulmer and Johnson (2004)
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We couch this work in 3 related bodies of literature on race and punishment in society.  1) research on public opinon 2) research on group threat and social control and 3) research and racial and ethnic disparity in punishments



Racial Divide in Public Opinion

Racial/Ethnic minorities have lower levels of support and perceive greater inequality in punishment 

Bobo and Johnson (2004); Cohn et al. (1991); Hagan & Albonetti, 1982

Whites consistently identify perceived crime associated with growing Hispanic population as a social problem

Lane and Meeker (2000); Lane and Meeker (2003)

70% of Blacks and 55% of Hispanics believe members of their racial/ethnic group receive harsher punishments

National Center for State Courts (2006)

Racial Threat and Social Control

Prejudice (Taylor 98; Quillian, 95)

Fear of Crime (Chiricos et al 1997; 2001; Liska et al 1982)

Lynchings and hate crime (Corzine 83; Green 98)

Police size, $$$, use of force (Chamlin 87; Jackson 89; Kent and Jacobs, 05)

Imprisonment (Britt, 2000; Greenberg & West 2001; Jacobs & Carmichael 2001)

Justice Expenditures (Jacobs and Helms, 1999)

Support for Capital Punishment (Baumer et al 2003)

Racial and Ethnic Disparity in Sentencing

Sellin (1935: 212)

Equality before the law is a social fiction

    Spohn 

	Discrimination Thesis Cannot be Laid to Rest

However, these disparities often context-specific and have been shown to vary with measures of racial threat
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Group Threat in Sentencing Research

Relatively few studies of group threat and sentencing

Bridges et al (1987); Britt (2000); Wang & Mears, (2009)

General reliance on coarse, aggregate proxy measures

Percent Black; Unemployment Rate; Percent Republican

Relative numbers do no necessarily reflect…amount of threat perceived by an elite group (Tittle and Curran, 1988)

Primarily focus on Racial rather than Ethnic Threat

Chiricos et al (2001); Eitle and Taylor (2008); Kent and Jacobs (2005)

Seldom distinguishes among different types of threat

E.g. Criminal; Economic; Political; Cultural Threats

King & Wheelock (2007); Eitle et al. (2002)

No work on public support for ethnic disparity in punishment
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Relatively few studies:  Racial Demographics usually included as a Control Variable rather than focus of the Study (W&M exception)



Coarse proxy measures – Require heroic assumptions about micro-level processes underlying group threat dynamics



Racial rather than Ethnic Threat – Population demographics (Hisp pop 2x again by 2050) and likely = greater ethnic threat

	Chiricos et al (2001) found perceived risk of victimization more strongly associated with proximity to Hispanic groups

	Eitle and Taylor (2008) found size of Hispanic (not Black) population predicted fear of crime in Florida



Types of Threat – King and Wheelock (2007) show that punitive attitudes influenced specifically by perceptions of criminal and economic threat

	Eitle et al (2002) show that criminal threat alone is what matters for predicting black arrest rates.



Despite plethora of studies on racial threat and social control – we know of no study examining public opinon about use of ethnic factors in sentencing…
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Race, Ethnicity, Threat and Punishment

		Racial Group Threat Theory



Perceived threats to the established social order intensify as minority groups grow in size and power, resulting in the increased mobilization of social control efforts against them

Blumer (1958); Blalock (1967); Liska (1992) 



		Ethnic Threat and Punishment 



Although whites’ attitudes towards blacks are the most common focus of research…concentrations of other minorities should fuel similar threat responses  (Taylor, 1998)



Immigration is a transformative force…in inter-group relations…followed predictably…by varying degrees of nativism and xenophobia on the part of established residents, who may view the alien newcomers as cultural and economic threats  (Portes and Rumbaut, 2006)
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		The Changing Ethnic Landscape



1980 Hispanic population = 14 million







*

		The Changing Ethnic Landscape



2007 Hispanic population = 45.5 million
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Hispanic population more than tripled between 1980 and 2007



Since 2000 Hispanics account for more than ½ of all US population growth



Hispanic population grew 7x faster than the non-Hispanic population



Hispanics account for 15.1% of the population making them the largest minority group



By 2050 Hisp 2x Again – Whites no longer Majority
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Hypotheses

		 H1: Hispanic population size will increase support for use of ethnicity in sentencing



		H2: Hispanic growth rate will increase support for use of ethnicity in sentencing



		H3-5: Perceptions of Hispanic criminal, economic and political threat will increases support for use of ethnicity in sentencing 



		H6: Perceived political, economic and criminal threat will have strongest effects where Hispanic populations are large or increasing
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The Current Study	

		Data



Random telephone survey

868 American adults (18 or older) 

54.8% response rate

Based on all eligible contacts

90% of all interviews initiated were completed

2000 U.S. Census Data 

91 Counties matched to respondents



		Method



Multilevel Generalized Linear Models (MGLM)

Random coefficient models

Grand mean centering

Cluster-corrected standard errors

Individual and county covariates

Cross-level effects
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Response rate is comparable to other studies using telephone survey methodology (King and Wheelock 2007; McCarty et al. 2006)



MGLM – corrected standard errors; simultaneous modeling of individual and county factors; parcels variance between levels; allows for examination of cross-level effects; 
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Dependent and Independent Variables 
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Use of Ethnicity:  1 Item:  appropriate judge to use ethnicity of defendant when determining sentence



Criminal Threat:  (0=strongly disagree – 3=strongly agree):  1) Hisp immigrants pose threat to public order and safety 2) I fear for safety when Hisp immigrants in my neighborhood 3) Hisp immigrants commit more violent crime than other racial groups



Econ Threat:  1 Item:  Hisp immigrants take away resources like jobs and welfare



Pol Threat: 2 Item:  When Hisp immigrants vote in elections they influence outcome  2) more Hispanics will vote in upcoming elections



Aggregate Threat

	% Hispanic in County and Hispanic Growth = (diff in % Hisp in County from 1990 to 2000)



Concentrated Disadv (unemployed, poverty level; public assistance);  

Population Structure (population size and density)



General punitive attitudes (0-3) 1) sentences for 1) violent crime 2) non-violent and 3) repeat offenders should be more severe
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			Predicted Probabilities for Ethnic Threat Paper


						Coeff			Means


			Black			-0.639			0.12


			Hispanic			-0.997			0.06


			Age			0.016			47.12


			Male			0.148			0.46


			Employed			-0.191			0.46


			Political Cons			0.374			0.39


			General Punitive Attitudes			0.191			6.84


			Percent Hispanic


			Hispanic Growth


			CALCULATIONS


			BLACK						HISPANIC						AGE						MALE						EMPLOYED						POL. CONSERVATIVE						GEN. PUNITIVE ATT.


			0.506488						0.131628						0.330888						1.21						1.02694						1.35822						1.13008


			1.6594529502						1.1406839059						1.3922038567						3.3534846525						2.7925076739						3.8892642464						3.0959041626


			0.6239828195						0.5328595701						0.5819754252						0.770298949						0.7363222211						0.7954702488						0.7558536625


			Black			0.6239828195


			Hispanic			0.5328595701


			Age			0.581975


			Male			0.770299


			Employed			0.736322


			Political Conservative			0.79547


			General Punitive Attitudes			0.50366
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									b			mean						mean			sd


			White						0			0.82			0						0			0.82			0						(x)			Betas


			Black						-0.639			0			0			0.12			0.33			0			0						Black			0.12


			Hispanic						-0.997			1			-0.997			0.06			0.22			0			0						Hispanic			0.12


			Age						0.016			30			0.48			47.12			19.72			30			591.6						Age			0.18


			Male						0.148			0			0			0.46			0.5			0			0						Male			0.04


			Married						0.208			0			0			0.61			0.32			0			0


			Education Level						-0.099			1			-0.099			0.42			0.31			1			0.31


			Family Income						-0.026			2			-0.052			$62,700			$14,210			2			28420


			Employed						-0.191			1			-0.191			0.46			0.5			1			0.5						Employed			0.05


			Political Conservative						0.374			0			0			0.39			0.31			0			0						Political Conservative			0.06


			Own home						-0.137			1			-0.137			0.79			0.33			1			0.33


			Southwest						-0.111			1			-0.111			0.17			0.41			1			0.41


			Northeast						-0.183			0			0			0.15			0.35			0			0


			Midwest						0.054			0			0			0.24			0.43			0			0


			West						0.082			0			0			0.17			0.38			0			0


			General Punitive Attitudes						0.191			5			0.955			6.84			2.16			5			10.8						General Punitive Attitudes			0.23


			Intercept						-0.832			1			-0.832									1			0


			South						0			0.44			0						0			0.44			0


																		mean			sd															Betas


			Hispanic Criminal Threat						0.229			1.93						1.93			1.66						0.44197						Hispanic Criminal Threat			0.21


			Hispanic Economic Threat						0.327			1.72						1.72			1.13						0.56244						Hispanic Economic Threat			0.21


			Hispanic Political Threat						0.056			4.38						4.38			1.41						0.24528						Hispanic Political Threat			0.04


			Percent Hispanic						-0.083			0.12						0.12			0.11						-0.00996						Percent Hispanic			0.01


			Hispanic Growth						0.267			0.26						0.26			1.53						0.06942						Hispanic Growth			0.23


			Concentrated Disadvantage						0.047			1.09															0.05123


			Homicide Rate (per 100,000)						-0.009			3.96															-0.03564


			Percent Black						-0.036			0.1															-0.0036


			Population Structure						-0.056			5.39															-0.30184


															-0.832												29024.9693


															0.4351780593												0


															0.3032223468												0


												white			0.78


												black			0.66


												hispanic			0.57
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																		Dependent Variable			Mean			S.D.


																		Use of Ethnicity in Punishment			0.31			0.46


																		Independent Variables


																		Perceived Hispanic Threat


																		Hispanic Criminal Threat			4.93			1.66


																		Hispanic Economic Threat			1.72			1.13


																		Hispanic Political Threat			4.38			1.41


																		Aggregate Hispanic Threat


																		Percent Hispanic			0.12			0.11


																		Hispanic Growth			0.26			1.53


																		County Characteristics


																		Concentrated Disadvantage			1.09			1.53


																		Homicide Rate (per 100,000)			3.96			4.37


																		Percent Black			0.10			0.14


																		Population Structure			5.39			0.70


																		Demographic Characteristics


																		White			0.82			0.43


																		Black			0.12			0.33


																		Hispanic			0.06			0.22


																		Age			47.12			19.72


																		Male			0.46			0.5


																		Married			0.61			0.32


																		Education Level (College graduate)			0.42			0.31


																		Family Income			$62,700			$14,210


																		Employed			0.46			0.5


																		Political Conservative			0.39			0.31


																		Own home			0.79			0.33


																		Southwest			0.17			0.41


																		Northeast			0.15			0.35


																		Midwest			0.24			0.43


																		West			0.17			0.38


																		South			0.44			0.39


																		General Punitive Attitudes			6.84			2.16
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Individual Control Variables 
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Results – 

Criminal Threat by Hispanic Growth
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Results – 

Economic Threat by Hispanic Growth
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Summary of Findings

		Support for use of ethnicity in sentencing is strongest among whites, males, the unemployed and politically conservative with general punitive attitudes



		Support increases sharply with perceived criminal and economic threats



		Support increases sharply in areas experiencing recent Hispanic population growth



		Recent Hispanic growth increases the effects of perceived criminal and economic threats on support for use of ethnicity in punishment
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Conclusions

		The “demographic snowball of population change” is altering group threat dynamics in society





		Ethnic threat is at least as important as racial threat and likely to increase in prominence in the future





		Both perceptual and objective measures of racial and ethnic threat need to be examined





		Population growth is at least as important as absolute population size





		Future work is needed examining additional threat mechanisms for additional outcomes and additional groups





		Future work is needed linking attitudes toward use of ethnicity in punishment to actual punishment decisions
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Demographic snowball… (to borrow a phrase from Reitz and Ruth’s book “The Challenge of Crime”



Perceptual/Objective findings = consonant with recent work on punitive attitudes (King and Wheelock 2007) suggests both matter



E.g. “Cultural Threat” may be particularly important (Hispanic language threat etc.)
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Abstract


Research on social inequality in punishment has long focused on the complex relationship between race, ethnicity and criminal sentencing, with a particular interest in the theoretical importance that group threat plays in the exercise of social control in society.  Prior research typically relies on aggregate measures of group threat and focuses on racial rather than ethnic group composition.  The current study uses data from a nationally representative sample of U.S. residents to investigate the influence of more proximate and diverse measures of ethnic group threat, examining public support for the judicial use of ethnic considerations in sentencing.  Findings indicate that both aggregate and perceptual measures of threat influence popular support for ethnic disparity in punishment, and that individual perceptions of criminal and economic threat are particularly important.  Moreover, we find that perceived threat is conditioned by aggregate group threat contexts.  Findings are discussed in relation to the growing Hispanic population in the rapidly changing demographic structure of U.S. society.
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Abstract


Research on social inequality in punishment has long focused on the complex relationship between race, ethnicity and criminal sentencing, with a particular interest in the theoretical importance that group threat plays in the exercise of social control in society.  Prior research typically relies on aggregate measures of group threat and focuses on racial rather than ethnic group composition.  The current study uses data from a nationally representative sample of U.S. residents to investigate the influence of more proximate and diverse measures of ethnic group threat, examining public support for the judicial use of ethnic considerations in sentencing.  Findings indicate that both aggregate and perceptual measures of threat influence popular support for ethnic disparity in punishment, and that individual perceptions of criminal and economic threat are particularly important.  Moreover, we find that perceived threat is conditioned by aggregate group threat contexts.  Findings are discussed in relation to the growing Hispanic population in the rapidly changing demographic structure of U.S. society.



Public discourse on crime and punishment has long been colored in terms of racial and ethnic relations in society (Sellin, 1935; Kerner Commission, 1968; Hernstein and Murray, 1994).  As such, the study of race, crime and criminal punishment represents a major undertaking of criminologists, sociologists, and legal scholars alike.  Racial disparity in punishment lies at the heart of ethical concerns surrounding both discrimination in the justice system and larger issues of social inequality in society.  A vast and growing empirical literature now focuses on the influences that race and ethnicity exert in the punishment process (Hagan and Bumiller, 1983; Hagan, 1987; Bridges and Crutchfield, 1988; Zatz, 1987; Sampson and Lauritsen, 1997), with recent scholarship emphasizing a continuing interest in the theoretical importance of group threat processes (Liska, 1992; Blomberg and Cohen, 1995; Garland 1990).  Little is currently known, however, about the ways that group threat processes contribute to public support for racial or ethnic disparity in punishment.  Research examining this issue therefore offers a unique opportunity to contribute to contemporary scholarship in the sociology of punishment.

This issue is particularly important in the wake of shifting population dynamics that have fundamentally altered the contemporary landscape of race and ethnicity in America.  Whereas classic work on race and crime has been traditionally cast in black and white (e.g. Sellin, 1935; Piliavin and Briar, 1964; Hagan and Albonetti, 1982; Blumstein, 1982; Bridges and Crutchfield, 1988; Hacker, 1995), recent work argues persuasively for extending the racial ambit to Hispanic ethnicity (e.g. Martinez, 2002; 2006; Portes and Rumbaut, 1996; Steffensmeier and Demuth, 2000; Zatz, 1984; Peterson and Krivo, 2005).  This prescription in large part reflects the recent growth of the Hispanic population in the U.S.  Since the turn of the 21st century Hispanics have accounted for more than half of the total population growth in the U.S. – between 2000 and 2007, they grew at a rate of 29% compared to only 4% for the non-Hispanic population (Fry, 2008).  According to recent population estimates, more than 45 million Americans self-identify as Hispanic, accounting for 15.1% of the nation’s population and making them the largest racial/ethnic minority group in America.  These dramatic population shifts are driven both by high fertility and high immigration rates.  Despite the dramatic increase in the Hispanic population in America, though, the vast majority of criminological research on group threat and social control remains focused on race rather than ethnicity.  Very little is known about the role that ethnic threat plays in public support for punishment or how ethnic threat dynamics vary across social contexts.    


Extant work also focuses primarily on aggregate indicators of group threat, using coarse measures such as the size of the minority population to capture complex group threat dynamics.  As others have noted, few studies incorporate perceptual measures of threat, despite theoretical arguments for their importance (King and Wheelock, 2007).  Although a sizeable literature links aggregate group threat processes to various measures of social control (e.g. Greenberg et al. 1985; Jackson and Carroll, 1981; Jacobs, 1979; Liska et al. 1981; Liska et al. 1985; Tittle and Curran, 1988; Baumer et al. 2003), research seldom tests the implicit link between course demographic indicators and proximate measures of perceived threat, and no work examines this issue in the context racial and ethnic disparity in sentencing.

The current study answers recent calls for additional research that investigates multiple dimensions of group threat for additional minority groups and for additional measures of social control (Eitle et al. 2002).  As such, it contributes to extant research in several ways.  First, it examines both individual and contextual correlates of public support for ethnic disparity in punishment.  Second, provides a theoretical framework for extending common racial group threat propositions to the study of ethnic threat.  Third, it employs multiple measures that encompass criminal, economic and political dimensions of ethnic group threat.  And finally, it incorporates both objective and perceptual threat measures to better disentangle their unique and complementary influences in punishment.  The paper proceeds by reviewing prior research on race, ethnicity and punishment before developing several theoretical propositions regarding public support for ethnic disparity in punishment.  It then tests these propositions with unique survey data from a nationally representative sample of American adults.                


Race, Ethnicity, Threat and Punishment


Research on racial threat highlights its potential impact on public opinion, public policy and the informal and formal use of social control in society.  Survey research indicates a substantial racial divide remains across a variety of public opinion and public policy domains (Kinder and Sanders, 1996).  In general, minority respondents demonstrate lower levels of support for punishment and higher levels of perceived racial inequality in the justice system (Hagan and Albonetti, 1982; Bobo and Johnson, 2004; Cohn et al. 1991; Henderson et al. 1997).  With regard to sentencing, one recent survey reports that 70% of African Americans and 55% of Hispanics believe offenders of their racial/ethnic background receive sentences that are harsher than whites (NCSC, 2006).  Moreover, public opinion polls consistently indicate that whites increasingly perceive crime associated with the growing Hispanic population as an important social problem in the U.S. (Lane and Meeker, 2000; 2003).  


Related work finds that negative racial stereotypes and fear of black crime are directly associated with support for more punitive criminal justice policies (Chiricos et al. 2004; Barkan and Cohn, 2005).  For instance, King and Wheelock (2007) found that both individual perceptions and aggregate indicators of racial group threat increased punitive attitudes, with the strongest sentiments occurring for those who viewed minorities as a threat to public safety and a source of competition for public resources.  This suggests that perceptions of racial and ethnic threat may be tied to general public attitudes towards crime and punishment in society, but it stops short of examining their potential influence on racial and ethnic disparities in criminal sentencing.

Racial and Ethnic Disparity in Sentencing


Research on race, ethnicity and punishment is expansive.  Beginning with Thorsten Sellin’s (1935: 212) now infamous conviction that “equality before the law is a social fiction,” particular attention has been devoted to the final sentencing decision, focusing on punishment equivalencies among different racial and ethnic groups (Mitchell, 2007; Chiricos and Crawford, 1995; Hagan and Bumiller, 1983; Kleck, 1981; Spohn, 2000; Zatz, 2000).  Debate continues over the relative importance of race/ethnicity.  Early work argued that observed racial differences primarily reflected a failure to adequately control for legally relevant sentencing criteria (Kleck, 1981; Wilbanks, 1987).  More recent work, however, provides evidence that minority defendants are often punished more severely even after legal differences are adjusted (e.g. Kramer and Steffensmeier 1993; Steffensmeier et al. 1998, Spohn, 2000; Zatz, 2000; Mitchell, 2005), leading Spohn (2000: 428) to conclude that the weight of the evidence clearly suggests that the “’discrimination thesis’ cannot be laid to rest.”     


Historically, research has focused on racial disparity with considerably less attention devoted to Hispanic defendants.  As Steffensmeier and Demuth (2000: 706) argued, this represented a “glaring omission” in research on criminal punishment.  Recently, though, several studies have identified significant disadvantages in the punishment of Hispanic offenders (e.g. Albonetti, 1997; Bushway and Piehl, 2001; Demuth, 2003; Engen et al. 2003; Johnson, 2003; 2006; Spohn and Holleran, 2000; Steffensmeier and Demuth, 2000).  Steffensmeier and Demuth (2000) found that Hispanic defendants, especially for drug offenses, received the harshest sentences in federal courts, Ulmer et al (2007) reported that Hispanics were particularly disadvantaged in the application of mandatory minimums, and several studies find that Hispanics are less likely to receive downward departures from sentencing guidelines (Albonetti, 1997; Johnson, 2005; Engen et al. 2003; Johnson et al. 2008).  As Zatz (2000:510) summarized, “Studies…have repeatedly demonstrated that there are important differences in the court processing and sanctioning of whites, blacks, and Hispanics," with some research suggesting that Hispanic punishments have become increasingly severe over time (Jacobs and Carmichael, 2001).      


Racial and ethnic influences in punishment, though, are often subtle and nuanced, occurring indirectly, or only for specific offenses, specific outcomes, or in specific social contexts (e.g. Britt, 2000; Johnson, 2006; Spohn and Delone, 2000; Steffensmeier and Demuth, 2000; Ulmer and Johnson, 2004).  For instance, Mitchell (2005), in his meta-analysis of race and sentencing, found that racial disparity is most pronounced for drug cases and for incarceration or discretionary sentencing decisions, and Sampson and Lauritsen (1997: 355) concluded that “research on the decision to imprison suggests that race matters” but only “in certain contexts.”  For this reason, contemporary research increasingly focuses on the social conditions under which racial and ethnic considerations matter most.  Primary among these explanations is the key role played by racial and ethnic group threat processes in the exercise of social control in society.   

Group Threat and Sentencing Disparity


Large or growing minority populations have been tied to racial prejudice and negative attitudes towards minority groups (Quillian, 1995; 1996; Taylor, 1998; Bobo and Hutchings, 1996), as well as increased fear of crime (Liska et al. 1982; Chiricos et al. 1997; Chiricos et al. 2006; Covington and Taylor, 1991) and inflated perceptions of community level crime rates (Quillian and Pager, 2001).  Informal mechanisms of social control, such as lynchings (Corzine et al. 1983) and hate crimes (Green et al. 1998) have also been tied to racial threat dynamics, as have various types of state-sponsored social control.  For instance, police size, expenditures and use of force are associated with the relative size of the black population (Kent and Jacobs, 2005; Chamlin, 1987; Greenberg et al. 1985; Jackson and Carroll, 1981; Jackson, 1989; Liska et al. 1981), as are arrests rates (Brown and Warner, 1992; Liska et al. 1985), use of imprisonment (Britt, 2000; Myers and Talarico, 1987; Greenberg and West, 2001; Jacobs and Carmichael, 2001) and overall criminal justice expenditures (Jacobs and Helms, 1999).  Support for capital punishment has even been shown to be higher in contexts of increased racial group threat (Baumer et al. 2003; Phillips, 1986).  

Research that specifically examines the role of racial threat in the production of sentencing disparity emphasizes that individual race effects are often contingent upon larger racial contexts.  The vast majority of this work examines the relative size of minority group populations as a proxy for group threat.  For instance, Bridges et al. (1987) found that counties with large minority populations had higher rates of nonwhite imprisonment.  They suggested that subjective perceptions of threat are shaped by racial group contexts which directly contribute to the volume of social control exercised in society (cf. Irwin, 1985).  Similarly, Ulmer and Johnson (2004) found that minority offenders were sentenced to significantly longer terms of incarceration in counties with larger minority populations, and Bontrager et al. (2005) reported that racial and ethnic disparity increased in areas of greater concentrated disadvantage.  

Not all sentencing research supports group threat expectations though.  Britt (2000) found that although the relative size of the black population had small direct effects on sentence severity, neither percent black nor ethnic heterogeneity increased punishment for black offenders.  Similarly, Crawford et al. (1998) found that habitual offender laws were applied more vigorously in counties with larger black populations, yet racial disparity was greatest in areas of low racial threat.  They concluded that “race and the threat of black crime appear to be most consequential for punishment where blacks and crime are least prevalent” (Crawford et al. 1998: 506).  Bridges and Crutchfield (1988) similarly found that African Americans were more likely to be imprisoned in states where their share of the population was a significantly smaller percentage of the total population.  

Despite common theoretical arguments for the importance of racial threat, then, empirical evidence remains inconsistent.  In part, this likely reflects several limitations that are common in prior research on racial group threat processes, including an over-reliance on aggregate threat measures, a failure to investigate different specific group threat mechanisms, and a narrow focus on blacks to the exclusion of other minority groups in society.  

First, prior work relies almost exclusively on coarse, aggregate threat measures, such as “percent black”, which require heroic assumptions about underlying micro-level processes.  For instance, Ulmer and Johnson (2004: 169) have cautioned that group threat findings in sentencing research are limited by the fact that studies routinely “lack data on how these minorities are actually perceived by court actors.”  It is routinely assumed that aggregate measures reflect individual perceptions of threat, but seldom is this link empirically tested.  As Tittle and Curran (1988: 33) argued, “Relative numbers in a population do not necessarily reflect degree of relative power of various groups nor do they necessarily reflect the amount of threat that might be perceived by an elite group,” and as such “Population proportions have to be considered only a crude index of relative threat.”  What are therefore needed are studies that better tap into the influence of individual perceptions of group threat in the punishment process (Chiricos et al. 1997; King and Wheelock, 2007; Baumer et al. 2003).

Second, prior work seldom distinguishes among the different types of racial threat that condition punitive responses.  Eitle et al (2002) argue this point forcefully, lobbying for the importance of examining separate measures of political, economic and criminal threat.  Their findings showed that black-on-white crime as a measure of criminal threat was a strong predictor of black arrest rates, but the same was not true of their measures of political and economic racial threat.  As they argued, future research is needed that simultaneously investigates the multiple dimensions of racial threat while applying it to “other racial minorities” and to “other mechanisms of social control” beyond black arrest rates (Eitle et al. 2002: 571).

Finally, extant work remains primarily limited to studies of racial rather than ethnic threat.  This is of particular importance given contemporary changes in the ethnic demography of America.  According to recent Census projections, the Hispanic population is expected to double in coming years and surpass whites as the majority ethnic group in the U.S. (US Census, 2008).  The few studies that include measures of ethnic threat suggest that similar group processes are likely to characterize this growing population (e.g. Jackson, 1989; Kent and Jacobs, 2005; Chiricos et al. 2001; Bontrager et al. 1998; Ulmer and Johnson, 2004; Jacobs and Carmichael, 2001; Eitle and Taylor, 2008).  For instance, Chiricos et al. (2001) found that perceived risk of victimization was more strongly associated with proximity to Hispanics than blacks, and Eitle and Taylor (2008) reported that the size of the Hispanic not the black population was positively related to fear of crime in Florida.  Related work suggests Hispanic ethnicity is playing an increasingly prominent role in contemporary race relations today (Jacobs and Carmichael, 2001), thereby elevating the need for theoretical investigations of ethnic threat mechanisms in the exercise of social control in society.

Group Threat Theory and Ethnic Disparity in Punishment

Group threat perspectives portray inter-group hostility as a manifestation of group competition for scarce resources. Both traditional conflict theorists (Turk 1969) and contemporary social threat perspectives (Liska 1992) suggest that subordinate groups are likely to be perceived as threats to the established social order, fueling group conflict, prejudice, and discrimination in contexts where they are most prevalent (Blalock 1967).  Racial group threat theories, then, suggest that large or increasing minority populations intensify perceived threat among majority racial groups.  In its original formulation, Blumer (1958) argued that perceived threats to the existing social order occur as subordinate groups gain political and economic power, and result in dominant group efforts to mobilize resources to maintain their position in the racial stratification system of society.  Often cast in terms of the “power-threat” thesis (Blalock, 1960; 1967; Liska, 1992), racial threat theory avers that dense minority concentrations intensify social control efforts targeted at these groups.  Racialized constructions of criminal tendency, threat and responsibility accentuate racial fear and prejudice and lead to an emphasis on dominant group interests in core institutions of law (Chambliss and Seidman, 1971).  Perceived threats to social elites, then, heighten group conflict, feed into group prejudice and ultimately fuel increased levels of social control, which are disproportionately visited upon the subordinate racial and ethnic groups in society.  

Although “whites’ attitudes towards blacks are the most common focus of research on U.S. inter-group relations,” contemporary “theoretical discussions imply that concentrations of other minorities” particularly Hispanics “should fuel similar threat responses” (Taylor, 1998: 515-6).  This may be particularly the case given the recent growth of the Hispanic population in the U.S.  Consonant with the “defended neighborhoods” perspective, which suggests anti-minority sentiment is fueled by in-migration of outgroups into white neighborhoods, rapid Hispanic growth may play an even larger role in group threat than raw population size (Olzak, 1992; King and Wheelock, 2007).  Ethnic threat perspectives, then, suggest that large or increasing Hispanic populations should result in increased public support for the mobilization of formal social control mechanisms against Hispanic offenders in the criminal justice system.  We therefore investigate the following:

 H1: The relative size of the Hispanic population will be positively related to public support for use of ethnicity in criminal sentencing.

H2: The growth rate of the Hispanic population will be positively related to public support for use of ethnicity in criminal sentencing.


Racial and ethnic threat perspectives also imply that the core mechanism through which group population dynamics are linked to punishment is through individual perceptions of racial or ethnic threat.  As King and Wheelock (2007: 1256) argue, “individual perceptions of threat are the conduit between demographic change and social control outcomes.”  The extent to which demographic factors are linked to individual perceptions of threat, however, may vary with other considerations, such as the degree of racial segregation, racial interdependence, and racial group cohesion in a community (Taylor, 1998).
  To the extent that individual perceptions of threat are independent of group population dynamics, the former should be the more proximate causes of support for ethnic disparity in punishment.    

Prior work also argues that there are at least three core theoretical pathways through which perceived racial or ethnic threat operates.  As Eitle et al (2002: 558) suggest, “Political mobilization, economic competition, and the threat of black-on-white crime have each been posited as distinct manifestations of racial threat.”  Each predicts an aggregate relationship between size of a minority population and support for punitive social control, but they differ in the causal pathways they emphasize.  


First, unique perceptions of heightened criminal threat may accompany large or increasing minority populations.  Power-threat dynamics have been increasingly applied to issues of crime and justice.  Tittle (1994), for instance, argued that issues of crime and punishment carry special emotional significance, invoking stereotypical attributions of fear and threat that are often conflated with race and ethnicity.  As Crawford et al. (1998: 483) suggested, black political power largely “has been replaced by the black male criminal in the iconography of racial threat and racial politics.”  This viewpoint is supported by recent research and theorizing that highlights the role of criminal stereotypes in the perpetuation of racial and ethnic disparity in punishment (Albonetti, 1991; Bridges and Steen, 1998; Steffensmeier et al. 1998).  Prior formulations of the criminal threat hypothesis emphasize the threat of black-on-white crime (Liska & Chamlin 1984; Eitle et al. 2002), but it is likely that Hispanic criminal threat operates similarly.  Negative criminal stereotypes attach to both African American and Hispanic offenders, with the latter sometimes perceived as “gun-wielding, drug-selling gang banger[s] unless proven otherwise” (Portillos (1998: 156).  Perceived levels of Hispanic criminal threat, then, may be particularly strong predictors of increased support for use of ethnicity in criminal punishment.  We therefore predict the following:  


H3: Perceptions of ethnic criminal threat will be positively related to public support for judicial use of ethnicity in criminal sentencing.  


Second, racial threat may also operate through economic competition for scarce resources.   For instance, Marxist perspectives suggest that economic exigencies in society may serve as an additional vehicle for mobilizing racial threat dynamics (Blalock, 1967).  As perceptions of economic competition for employment, wages and other limited resources intensify, the exercise of social control against minority groups should gain increased public support in accord with other economic exclusion strategies such as employment and wage discrimination (Eitle et al. 2002; Wilson, 1996).  Perceived levels of ethnic competition for scarce economic resources, then, should increase public support for ethnic disparity in punishment.  Thus we expect the following:

  H4: Perceptions of ethnic economic threat will be positively related to public support for judicial use of ethnicity in criminal sentencing.  


Third, increasing minority populations may represent a political threat to the democratic majority such that large minority groups threaten to gain control over political institutions in society (Giles and Buckner, 1993; Giles and Evans, 1984; Giles and Hertz, 1994; Glaser, 1994).  Blalock (1967), for instance, argued that the political ascendancy of whites will be challenged as minority presence increases.  Political threat may be manifest in the restriction of the minority political rights, such as in felony disenfranchisement laws (Manza and Uggen, 2002), or it may lead to intensified social control efforts aimed at ethnic minority groups (Bridges and Crutchfield, 1988).  Given theoretical arguments for the importance of perceived levels of political threat, we expect the following:  


  H5: Perceptions of ethnic political threat will be positively related to public support for judicial use of ethnicity in criminal sentencing. 


Finally, we expect that aggregate indicators of social threat may condition the impact of individual perceptions of threat on support for ethnic disparity in punishment.  In particular, the effect of perceived threat should be greatest in social contexts where the Hispanic population is largest or growing most rapidly.  A large or growing Hispanic population is likely to accentuate individual perceptions of ethnic threat, heightening its salience and increasing the effects of perceived political, economic and criminal threat on public support for ethnic disparity in punishment.  That is, we expect perceptions of threat to be related to and conditioned by objective indicators of ethnic threat like the size and growth rate of the Hispanic population.  In accord with ethnic threat perspectives, then, we expect the following:



H6:  The effects of perceived political, economic and criminal threat on public support for judicial use of ethnicity in criminal sentencing will be greatest in social contexts characterized by relatively large or increasing Hispanic populations.    

Data and Method

Sample


The data analyzed in this study were drawn from a national random telephone survey of 868 American adults (18 and older) using random-digit dialing and Computer Assisted Telephone Interviewing (CATI) to ensure accuracy in recording data. The Research Network, a public opinion polling firm in Tallahassee, Florida, conducted the telephone surveys during the spring of 2008. The survey focused primarily on respondents’ attitudes about ethnicity, immigration, and punishment. The dataset contains a rich variety of information and offers a unique opportunity to examine public support for judicial use of ethnicity in punishment decisions as a result of macro- and micro-level group threat processes, something that has largely been unaddressed in prior studies. We are aware of no other survey data that offer these key items. For this reason, the current data are well suited to address our research hypotheses.


A two-stage modified Mitofsky–Waksberg sampling design was utilized to develop the random-digit dialing sample (Tourangeau, 2004). Respondents were limited to one adult resident per household who was 18 years or older. From each household sampled, the adult respondent with the most recent birthday was selected, an efficient way to randomly choose adults within households (Kish, 1965). Trained interviewers conducted the telephone interviews and were closely monitored by supervisors. Additionally, to minimize interviewer error, supervisors reviewed 10% of completed interviews for accuracy by comparing selected responses to digitally recorded excerpts of interviews. A five call-back rule was employed before replacement of households. Using the definition recommended by the American Association for Public Opinion Research (AAPOR, 2008), we obtained a 54.8% response rate among all contacts with eligible respondents. Cases of unknown eligibility, such as answering machines, busy signals, no answer, and known ineligibility, such as disconnected numbers, businesses, and fax numbers, were excluded from this calculation as recommended by AAPOR (2008). The response rate is comparable to studies that use rigorous survey methodologies (Pew Research Center, 2004), as well as other recent studies utilizing telephone surveys (e.g., King and Wheelock, 2007; McCarty, House, Harman, and Richards, 2006). Additionally, ninety-six percent of all surveys initiated were completed. This completion rate was substantially higher than the 60% average for national telephone interviews (Weisberg, Krosnick, and Bowen, 1989).


Using data from the 2000 U.S. Census, we matched respondents with the counties in which they reside to assess objective measures of aggregate threat characteristics (e.g., percent Hispanic), as well as county-level controls (e.g., homicide rate and socioeconomic disadvantage) across geographic collectivities.  Importantly, we also measured individual-level subjective perceptions of Hispanic threat among respondents.    



The final sample of 868 respondents was 46% male. The age of the sample ranged from 18 to 93 with an average of 47 years. With regard to racial and ethnic background, 82% of the sample was white, 12% was Black, and 6% was Hispanic. As for educational attainment, 42% of the sample graduated from college. The breakdown for annual household income was as follows: about 25% of the sample reported earning less than $50,000; around 14% of the respondents earned between $50,000 and $75,000; 9% of participants earned between $75,000 and $100,000; and about 12% of the sample reported earning more than $100,000. The median family income in the sample is $40,900, with a mean of $62,700. Approximately 61% of the participants reported being married. About 79% of the respondents reported owning their home. In regard to geographic census region, 44% of the sample lived in the South, 15% in the Northeast, 24 in the Midwest, and 17% in the West. There is slight overrepresentation of White, female, older, and higher-income respondents when compared to the 2000 Census, which is not uncommon in telephone surveys (Lavrakas, 1987). Despite these slight variations, these data are particularly well suited for testing our unique research questions. 

Dependent Variable


The dependent variable, support for use of ethnicity in punishment, is measured with a single item that gauges whether or not respondents support judicial use of the offender’s ethnicity when making punishment decisions.  Respondents were asked to indicate whether or not they thought it was appropriate for judges to consider an offender’s ethnicity when determining his or her sentence.  The dependent variable is a binary measure that was coded “1” if the respondent supported judges using ethnicity of the offender when making punishment decisions and coded “0” if the respondent did not support judges using an offender’s ethnicity when making punishment decisions.  

Independent Variables


Perceived Ethnic Threat Measures

To investigate the different dimensions of individual-level threat processes, we create separate measures of criminal, economic, and political threat.  Hispanic criminal threat is measured by three questions (0=strongly disagree to 3=strongly agree):  1) “Hispanic immigrants pose a greater threat to public order and safety than other racial or ethnic groups,” 2) “More than any other racial or ethnic group, I fear for my safety when Hispanic immigrants are in my neighborhood” and  3) “Hispanic immigrants hurt the U.S. by committing more violent crimes than other racial or ethnic groups.” The alpha coefficient for these three items is .88.  Hispanic economic threat is measured by one question (0=strongly disagree to 3=strongly agree): “Hispanic immigrants take away economic resources that should go to others, like jobs and welfare.”  Hispanic political threat is measured by two questions (0=strongly disagree to 3=strongly agree):  1) “When Hispanic immigrants vote in local or national elections, they can influence the outcome” and 2) “As a result of the debate over immigration policy in Washington, many more Hispanics will vote in upcoming elections.”  The correlation between the two items is .79.  Importantly, these measures of perceived threats are similar to those used in prior studies that assess racial and ethnic threat processes, making them consistent with previous research (e.g., King and Wheelock, 2007; Stults and Baumer, 2007; Taylor, 1998).


Aggregate Ethnic Threat Measures

Consistent with the above theoretical perspectives, we assessed aggregate Hispanic threat with the percent Hispanic residing in respondents’ counties in 2000 as measured in the U.S. Census.  We also incorporated a measure of changing population demographics to capture growth in the Hispanic population.  Hispanic growth is measured as the difference between the percentage of residents identified as Hispanic in 1990 and 2000 in respondents’ counties (see Green, Strolovitch, and Wong, 1998; King and Wheelock, 2007).  Together these two measures capture both an absolute indicator of the size of the Hispanic population and a relative measure of recent demographic growth among Hispanics.

Control Variables


We also control for a host of additional county-level factors that have been linked to punitive attitudes and punishment outcomes in prior work (Baumer et al., 2003; Kent and Jacobs, 2005; King and Wheelock, 2007; Stults and Baumer, 2007).  These include the following: concentrated disadvantage, homicide rate, percent African American, and county-level population structure. Concentrated disadvantage is measured by three county-level census indicators in 2000: percentage of persons on public assistance, percentage of households below the poverty level, and percentage of persons unemployed. These items were standardized and combined to form a measure of disadvantage. The alpha coefficient was .83. To capture variation in violence for each county, we controlled for the homicide rate per 100,000 residents in the county for the years of 2005, 2006, and 2007.  Because homicide is a rare event, we combined the years of 2005, 2006, and 2007 to reduce measurement error and stabilize rates. We controlled for the percentage of the county population that is black, with percent Black, which serves as an aggregate indicator of racial threat in 2000.  We also combined two indicators, county population size and population density, to measure the population structure of each county. The correlation between these two items is .88.    


In addition to accounting for county-level controls, it is important that we control for relevant individual-level factors as well (Jencks and Mayer, 1990). Thus, we incorporate individual-level demographic controls that may influence attitudes about punishment decisions. Race-ethnicity is measured by a set of dichotomous variables with 1 = Black and 1 = Hispanic (in each category, White is the reference group). Age is measured in years for each respondent. Male is a dichotomous variable (males coded “1”) with females as the comparison group. Married is a dichotomous variable (married coded “1”) with non-married as the comparison group. Education level is a binary variable that captures whether the respondent has a college degree (coded as “1”) or not (coded as “0”). Family income is measured as the total amount of household income. This variable is measured as follows: 1 = less than $15,000; 2 = $15,000 to $34,999; 3 = $35,000 to $49,999; 4 = $50,000 to $74,999; 5 = $75,000 to $99,999; and 6 = $100,000 or more. Employed is a dichotomous variable that captures the respondent’s employment status (code as “1” if employed and “0” if unemployed). Political conservative is a dichotomous variable that taps whether the respondent is politically conservative (code as “1”) with non-politically conservative respondents as the reference. Own home is a dichotomous variable (homeowner coded “1”) with non-homeowners as the comparison group.  To identify in which region of the United States respondents resided, we measured census region by a set of dichotomous variables where 1 = Northeast, 1 = Midwest, and 1 = West with respondents who reside in the South as the reference designation.  We also include a dichotomous variable for Southwest indicating whether or not the respondent lives in the southwest United States (coded as “1”) or not (coded as “0”) given the unique concentration of Hispanics in that region (U.S. Census, 1993) (It wasn’t clear to me if Southwest was supposed to be part of the Northeast, Midwest, West, South variable.  If not, any additional justification for have 2 separate measures of geographical location?).  General punitive attitudes is measured by three questions (0=strongly disagree to 3=strongly agree):  1) “Sentences for violent offenders should be more severe than they are today,” 2) “Sentences for non-violent offenders should be more severe than they are today,” and 3) “Sentences for repeat offenders should be more severe than they are today.”  The alpha coefficient is .82.

Analytic Strategy


Since the data used in the analyses are nested and the dependent variable is dichotomous, we estimated multilevel logistic regressions to generate parameter estimates (Guo and Zhao, 2000; Rabe-Hesketh and Skrondal, 2008; Raudenbush and Bryk, 2002). Specifically, we estimated a multilevel logistic model to examine how perceived- and aggregate- threat factors predict public support for judicial use of offender ethnicity in punishment.  Multilevel models are appropriate in this case because we are interested in an individual outcome that may be influenced by both individual- and contextual-level characteristics. These models deal with the non-independence of observations when utilizing clustered data where respondents are nested within counties. Residents living within a particular contextual unit share certain background characteristics and look more like each other, on average, than they do someone many miles away. As a result, the standard errors may be deflated, exaggerating significance tests. Multilevel models explicitly account for this form of non-independence and produce correct estimates of the standard errors (Raudenbush and Bryk, 2002). Additionally, multilevel models provide a useful means of estimating cross-level effects since all estimates are adjusted for the covariates, regardless of whether they are measured at the individual or contextual level. Further, multilevel models partition the variance between levels in the outcome measure, while maintaining the appropriate level of analysis for the independent variables. Therefore, both individual- and county-level predictors can be modeled.

The most basic multilevel model adopts a two-level approach where the level-1 model is estimated separately for each group.  The level-1 model takes the form of a regression-based equation; the level-2 analysis uses the intercept from the level-1 analysis as a dependent variable (Raudenbush and Bryk, 2002).  In the current analyses, 868 individuals are nested with 91 counties, and a random intercept model is estimated given our substantive interest in assessing the multilevel determinants of public support for judicial use of an offender’s ethnicity when making a punishment decision. All variables are grand-mean centered and all models are estimated using the multilevel function in the STATA 10 program (Rabe-Hesketh and Skrondal, 2008).
  


(Eric, Didn’t you also replicate the analysis a few different ways (e.g. with OLS, a linear outcome, etc…)?  Can we add a footnote here about the different model specification that you examined, noting the fact that they had no impact on our substantive conclusions?  I also wouldn’t be surprised if a reviewer questioned why we use a random intercept instead of random coefficient models – maybe we can say something about that decision here as well?) 

Results

Table 1 presents the means and standard deviations for the study variables used in the analysis. The table shows that a large majority of the respondents (69%) across counties indicated they do not support judges’ use of an offender’s ethnicity in making a punishment decision. On the other hand, roughly thirty-one percent of the respondents were supportive of judges using an offender’s ethnicity in sentencing.  This support varied from less than 30% in some counties to more than 75% in other counties. Additional descriptive analyses revealed that Whites are overrepresented in support of an offender’s ethnicity being used in the formal social control process. For example, in Figure 1, we observe that about 27% of Whites, 3% of Blacks, and 1% of Hispanics support judicial use of ethnicity in punishment.  We also observed variation in our threat variables.  However, it remains to be seen whether perceived and aggregate ethnic threat measures explain variation in public support for judicial use of ethnicity in sentencing.  To answer these questions, we turn to the results of our multilevel analyses.  


[Table 1 about here]


[Figure 1 about here]


We began by estimating an unconditional, random-intercept model (i.e., a model with no predictors or control variables) that includes the intercept parameter describing the mean log odds for using ethnicity in punishment decisions.  Also included is a variance component that describes whether there is significant variation in the dependent variable across counties. The results of this model (not shown in tabular form) revealed a grand mean intercept of -.799, which corresponds to the mean level (.31) of support for judicial use of ethnicity in punishment decisions across counties (.31 = exp (-.799) / 1 + exp (-.799)), with an intercept reliability of .74.  Further, the unconditional model revealed a significant random effects variance component of .462 (2 = 647, p < .05), which indicates that support for judges’ use of ethnicity in punishment decisions varies significantly across counties.  

Table 2 presents the results of our multilevel logistic regression models aimed at identifying the factors that help to explain support for judges’ use of an offender’s ethnicity in punishment decisions. Model 1 of Table 2 provides baseline estimates for the effects of county and demographic controls on the dependent variable. In Model 2, we add aggregate-level Hispanic threat variables to the predictive equation. In Model 3, we introduce perceptual measures of Hispanic threat into the predictive model. 


[Table 2 about here]

The baseline results in Model 1 show that seven of the demographic controls are related to support for judicial use of ethnicity in punishment.  In particular, support for the use of ethnicity in formal social control is more likely among Whites, males, unemployed individuals, political conservatives, and those who hold more punitive attitudes.  Interestingly, however, none of the county-level controls reached statistical significance. We therefore find no evidence that concentrated disadvantage, homicide rate, African American presence, or population structure affect public support for use of ethnicity in punishment.
  Overall, the baseline results are consistent with those reported in previous studies that examine punitive and prejudicial attitudes (e.g. Baumer, Messner, and Rosenfeld, 2003; Quillian, 1996; Unnever and Cullen, 2007).  

Model 2 in Table 2 incorporates our measures of aggregate-level ethnic threat.  Percent Hispanic and Hispanic population growth are added to the model while retaining our previous set of controls.  These results indicate that although the absolute size of the Hispanic population exerts no significant effect on our outcome, recent growth in the Hispanic population is a strong predictor of support for the judicial use of offender ethnicity in the formal sentencing process.  Specifically, a one standard deviation increase ([e(.288 *1.53) - 1] * 100) in Hispanic population growth increases the odds of support by 55%.
  The significant individual control variables from Model 1 remain largely unchanged in Model 2.  


Model 3 introduces our perceptual measures of Hispanic threat, which include criminal, economic, and political threat variables.   Two of the three perceived threat indicators are significantly associated with the outcome.  In line with our predictions, we observed that both Hispanic criminal and economic threats influenced public support for using ethnicity in punishment decisions.  Specifically, a one standard deviation increase in perceived Hispanic criminal threat ([e(.229 *1.66) - 1] * 100) increases public support for use of ethnicity in punishment by 46%.  Similarly, a standard deviation increase in economic threat ([e(.327 *1.13) - 1] * 100) increases public support by an additional 45%.  These findings indicate that respondents who associate Hispanics with crime and view them as taking economic resources away are more likely to support ethnicity being used as part of the formal sentencing process. Somewhat surprisingly, Hispanic political threat failed to reach statistical significance, but as we discuss in our conclusion this may reflect the specific items employed to capture political threat mechanisms in this study.  

Notably, the significant findings for aggregate Hispanic growth observed in Model 2 remains robust in Model 3, suggesting that both aggregate, objective measures of ethnic threat and individual, perceptual measures influence public support for use of ethnicity in punishment.  Overall, then, public support for the judicial use of ethnicity is more likely among Whites, males, unemployed individuals, political conservatives, punitive individuals, respondents who reside in counties with recent growth in the in Hispanic population, and those who view Hispanics as criminally and economically threatening.      


We now turn to our interaction hypotheses and test whether objective measures of aggregate Hispanic threat intensify the individual effects of perceived Hispanic threats on support for use of ethnicity in punishment.  Model 1 in Table 3 includes the same battery of predictors reported in Table 2, but adds additional interactions between Hispanic criminal, economic, and political threats and Hispanic population growth.  Positive and significant interaction coefficients would indicate that the effects of perceived levels of ethnic threat on support for use of ethnicity in punishment are greatest in social contexts involving recent Hispanic population growth.
  We find evidence of these patterns, as revealed by two of the three statistically significant and positive interactions between Hispanic criminal threat and population growth (b= .183) and Hispanic economic threat and population growth (b= .272). The interaction between Hispanic political threat and Hispanic population growth is not significant.  Focusing on the two significant cross-level interactions, the findings indicate that the effects of perceived Hispanic criminal and economic threats on support for judicial use of ethnicity in punishment decisions are stronger in counties where the Hispanic population has recently increased.  
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To further illustrate these results, we plot the predicted probabilities for our significant interactions in Figures 2 and 3.  These represent the influences of Hispanic criminal threat and economic threat, respectively, on support for using ethnicity in the formal social control process across county contexts that vary in Hispanic population growth.
  Public support for judicial use of ethnicity in punishment decisions is highest among respondents who perceive Hispanics as criminally and economically threatening and reside in counties that recently experienced growth in the Hispanic population.  Overall, the interaction effects are supportive of our predictions.  
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Discussion


According to Garland (1990), criminal punishment processes reflect both cultural values and structural relations in society – as such, they serve to maintain and reproduce existing systems of social inequality.  Primary among these are racial and ethnic cleavages.  A substantial research literature now documents the diverse impacts that racial and ethnic threat processes exert in the exercise of social control in society.  The vast majority of this work is limited to aggregate measures of social threat and examines racial rather than ethnic threat dynamics.  Moreover, no prior work investigates the salience of group threat processes in public support for judicial use of extralegal offender criteria like the race or ethnicity of the offender in sentencing.  The current study contributes to prior research by examining this previously unexamined aspect of social control, by employing both perceptual and objective measures of group threat, and by focusing on the increasingly important issue of ethnic group threat dynamics in society.  Our results indicate that both perceived and objective ethnic threat measures are consequential for understanding public support for judicial use of ethnicity in punishment.


With regard to aggregate indicators of ethnic threat, we found that changing population demographics were a strong predictor of support for judicial use of offender ethnicity in sentencing.  Interestingly, the absolute size of the Hispanic population demonstrated no significant effects whereas the growth rate of the Hispanic population was strongly and positively related to support for use of ethnicity in sentencing.  We therefore find support for Hypothesis 2 but not for Hypothesis 1.  This result is consonant with recent work that finds similar effects for aggregate measures of racial threat on general punitive attitudes in society (King and Wheelock, 2007), and it suggests that rapidly changing ethnic populations are more salient elements of ethnic threat than are relatively large, stable Hispanic populations.  This raises questions for prior work on racial and ethnic threat that employs static measures of population size without regard to fluent measures of population change, suggesting the importance of the latter in future research.  


In addition to aggregate threat measures, we also hypothesized three specific individual mechanisms through which perceptions of ethnic group threat would affect support for use of ethnicity in sentencing.  Group threat theories rely on implicit assumptions that tie aggregate threat dynamics to individual perceptions of threat, but the latter are seldom incorporated into empirical analyses.  We incorporate separate measures of perceived criminal, economic and political threat in our analyses.  The first, ethnic criminal threat, draws on theoretical arguments that tie stereotypical attributions of heightened fear, criminality and dangerousness to Hispanic ethnicity.  Our results provide empirical evidence for the link between criminal threat and approval of the use of ethnic considerations in punishment.  In support of Hypothesis 3, individuals who perceive Hispanics to be a greater threat to public safety are more likely to support judicial use of ethnicity in sentencing.


We also find support for Hypothesis 4, that individual perceptions of economic threat are significantly and positively related to public support for use of ethnicity in the exercise of social control.  Individuals who perceive Hispanics to be a greater threat to scarce economic resources like employment and welfare are more likely to support judicial use of ethnicity in punishment.  Perceptions that Hispanics represent a strain on economic material resources in society bolster individual support for ethnic considerations in sentencing.  This suggests that support for use of ethnicity in social control decision making is not only an instrumental function of criminal threat processes, but also of larger perceived threats to material interests in related domains of social life.  Economic threat mechanisms may also be tied to ethnic animosity involving social policies with implicit racial and ethnic undertones, like equal opportunity and affirmative action programs (Kinder and Sanders, 1996; Bobo and Kluegel, 1993).  

Whereas perceptions of both criminal and economic threat were significantly related to our outcome, we found no evidence for the unique salience of ethnic political threat.  Hypothesis 5 suggested that perceptions of increased ethic influence in popular elections would be tied to greater support for use of ethnicity in punishment, but our results fail to support this expectation.  Although this finding is consistent with recent work on perceived political threat in arrest decisions (Eitle et al. 2002), future work should work to expand the definition of political threat in studies of ethnicity and social control.  We asked about Hispanic voting patterns, which represent an important element of political threat, but it may not adequately capture the full gamut of ethnic political influence. Such issues as group mobilization, political power, and ascendancy of ethnic minorities to positions of political power could be investigated in future work.

Finally, this work also examined the intersection of aggregate demographic change and individual perceptions of ethnic threat in sentencing.  In accord with Hypothesis 6, we found that perceived threats demonstrated stronger influences in contexts characterized by higher levels of objective threat.  As with our main effects, the absolute size of the Hispanic population was not a significant factor, nor did political ethnic threats demonstrate significant interaction effects, but the effects of both criminal and economic ethnic threat got stronger as the Hispanic growth rate increased in the county.  This suggests that perceived ethnic threats at the individual level are at least partially the product of objective levels of ethnic threat associated with increasing minority populations in the aggregate.    

It is also important to recognize that these various threat dynamics operate independently of individual attitudinal and demographic predictors and independent of other county control measures.  Moreover, in the present analysis, perceived measures of threat did not explain away the aggregate effects of Hispanic population growth.  This suggests that both objective and perceptual threat indices should be incorporated into future research.  Overall, we found that support for the use of ethnicity in formal social control is strongest among Whites, males, the unemployed and politically conservative, and among respondents with more punitive general attitudes towards issues of crime and justice in society.  Net of all these factors, though, public support for judicial use of ethnicity in sentencing increased starkly for respondents who perceived Hispanics as threatening in both criminal and economic terms, and for respondents residing in areas that experienced recent growth in the Hispanic population.  

Conclusion


Contemporary population growth is characterized by inexorable shifts in the demographic constitution of society.  As Ruth and Reitz (2003) recently opined, the “demographic snowball of population change” has dramatically affected patterns of punishment, with Hispanics recently replacing blacks as the largest ethnic minority group in America.  Although researchers have long been occupied with the study of racial and ethnic disparity in punishment (Blumstein et al. 1983; Spohn, 2000; Zatz, 2000), only recently have they begun to explicitly focus on the treatment of Hispanic offenders (Albonetti, 1997; Steffensmeier and Demuth, 2000; Zatz, 1985), and no prior work examines ethnic threat mechanisms in the context of public support for judicial use of offender ethnicity in sentencing.


The current study demonstrates that both perceived and objective ethnic threats are strong predictors of public support for use of ethnicity in punishment.  This is consequential for several reasons.  First, prior research suggests that aggregate demographic characteristics often affect court decision-making outcomes (e.g. Ulmer and Johnson, 2004; Britt, 2001; Greenberg and West, 2001).  Much of this work employs measures of minority population size as proxies for racial threat.  The present work, however, indicates that ethnic threat mechanisms are also important, and that population growth may be particularly salient in group threat processes.  Future research is therefore needed that begins to incorporate measures of population growth to examine the role of ethnic threat in studies of racial and ethnic disparity in punishment.  

Second, in democratic societies, public policies are responsive to and at times even shaped by popular opinion (Kinder and Sanders, 1996; Savelsberg, 1994).  To the extent that ethnic threats feed into negative stereotyping and popular support for ethnic disparity in punishment, these social forces may contribute to real disparities in the justice system.  Judicial attributions of ethnic culpability and blameworthiness are likely to be influenced, even if subconsciously, by public perceptions and popular discourse on race and ethnicity in society (Bridges and Steen, 1998; Steffensmeier et al. 1998; Hawkins, 1981).  The current findings link perceptions of ethnic threat to support for the use of ethnicity in punishment, but future research is needed that further examines its influence on actual racial and ethnic disparities in sentencing.  One promising avenue for pursuing this line of inquiry would be to combine survey data on public opinions with actual data on real sentencing outcomes across racial and ethnic contexts.   

Third, the current findings highlight the fact that different types of ethnic threat may be more important than others.  We find evidence that criminal and economic threats are particularly important, yet we are aware of no research on actual sentencing disparities that incorporates individual measures of these different types of ethnic threat processes.  Moreover, future research is needed that begins to identify the specific theoretical pathways through which different perceptions of criminal and economic threat affect punishment in society.  For instance, there may be unique criminal threats associated with specific issues of violence or drug use among minorities (Chiricos et al. 2001), or special economic threats associated with particular split labor markets or job sectors (Bonacich, 1972) that could be examined in future work as well.

Future research on ethnic threat and punishment would also benefit from greater delineation among racial and ethnic groups.  We inquire about ethnic threat associated with Hispanics but are unable to capture potential differences in the threat associated with specific subgroups.  It is possible, for instance, that Floridian Cubans are perceived differently by the white majority than Southwestern Mexican Americans or other groups.  It is also difficult to separate the effects of overall Hispanic population growth from the unique influences of Hispanic immigration across communities.  Unique xenophobic fears may attach to Hispanic immigrants and should be the explicit focus of future work on the effects of population growth.
  Finally, individual threat mechanisms may also be conditioned by additional considerations, at both the individual and contextual levels of analysis, so future studies should continue to investigate these nuances to better advance our understanding of the role that ethnic threats play in public support for ethnic disparity in punishment.  Such future endeavors will not only contribute to extant empirical knowledge but will also advance contemporary theorizing on the link between objective and perceptual measures of ethnic threat, public support for punitive policies, and for their unique influence on observed racial and ethnic disparities in criminal sentencing and other domains of criminal punishment in America.
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Table 1.  Descriptive Statistics for Study Variables


		

		

		



		Dependent Variable

		Mean

		S.D.



		Use of Ethnicity in Punishment

		.31

		.46



		Independent Variables 

		

		



		Perceived Hispanic Threat

		

		



		Hispanic Criminal Threat

		1.93

		1.66



		Hispanic Economic Threat

		1.72

		1.13



		Hispanic Political Threat

		4.38

		1.41



		Aggregate Hispanic Threat

		

		



		Percent Hispanic

		.12

		.11



		Hispanic Growth

		.26

		1.53



		County Characteristics

		

		



		Concentrated Disadvantage

		1.09

		1.53



		Homicide Rate (per 100,000)

		3.96

		4.37



		Percent Black

		.10

		.14



		Population Structure

		    5.39

		.70



		Demographic Characteristics

		

		



		White

		.82

		.43



		Black

		.12

		.33



		Hispanic

		.06

		.22



		Age

		47.12

		19.72



		Male

		.46

		.50



		Married

		.61

		.32



		Education Level (College graduate)

		.42

		.31



		Family Income

		$62,700 

		$14,210



		Employed

		.46

		.50



		Political Conservative

		.39

		.31



		Own home

		.79

		.33



		Southwest

		.17

		.41



		Northeast

		.15

		.35



		Midwest

		.24

		.43



		West

		.17

		.38



		South

		.44

		.39



		General Punitive Attitudes

		6.84

		2.16





Table 2.  Multilevel Models of Support for Judge’s Use of Ethnicity in Punishment on Threat Indicators and Control Variables

		

		Model 1

		Model 2

		Model 3



		Variables

		b

		S.E.

		Exp(b)

		b

		S.E.

		Exp(b)

		b

		S.E.

		Exp(b)



		Perceived Hispanic Threat

		

		

		

		

		

		

		

		

		



		Hispanic Criminal Threat

		---

		---

		---

		---

		---

		---

		.229*

		.084

		1.257



		Hispanic Economic Threat

		---

		---

		---

		---

		---

		---

		.327*

		.111

		1.387



		Hispanic Political Threat

		---

		---

		---

		---

		---

		---

		  .056

		.107

		1.056



		Aggregate Hispanic Threat

		

		

		

		

		

		

		

		

		



		Percent Hispanic

		---

		---

		---

		 -.104

		.662

		  .901

		  -.083

		.669

		.920



		Hispanic Growth

		---

		---

		---

		.288*

		.102

		1.334

		.267*

		.101

		1.306



		County Characteristics

		

		

		

		

		

		

		

		

		



		Concentrated Disadvantage

		.052

		.086

		1.053

		.051

		.086

		1.052

		.047

		.086

		1.048



		Homicide Rate (per 100,000) 

		-.016

		.033

		.984

		-.013

		.033

		.987

		-.009

		.033

		.991



		Percent Black

		-.043

		.173

		.958

		-.038

		.173

		.963

		-.036

		.173

		.965



		Population Structure

		-.053

		.173

		.948

		-.051

		.174

		.950

		-.056

		.185

		.946



		Demographic Characteristics

		

		

		

		

		

		

		

		

		



		Black

		-.639*

		.248

		.527

		-.628*

		.248

		.534

		-.597*

		.248

		.550



		Hispanic

		-.997*

		.359

		.369

		-.982*

		.359

		.375

		-.959*

		.359

		.383



		Age

		.016*

		.005

		.016

		.016*

		.005

		.016

		.016*

		.005

		.016



		Male

		.148*

		.056

		1.159

		.148*

		.056

		1.159

		.148*

		.056

		1.159



		Married

		.208

		.201

		1.231

		.208

		.201

		1.231

		.208

		.201

		1.231



		Education Level 

		-.099

		.198

		.906

		-.099

		.198

		.906

		-.099

		.198

		.906



		Family Income

		-.026

		.061

		.974

		-.026

		.061

		.974

		-.026

		.061

		.974



		Employed

		-.191*

		.082

		.826

		-.191*

		.082

		.826

		-.188*

		.082

		.829



		Political Conservative

		.374*

		.146

		1.453

		.367*

		.146

		1.443

		.355*

		.146

		1.426



		Own home

		-.137

		.246

		.872

		-.137

		.246

		.872

		-.101

		.246

		.904



		Southwest

		-.111

		.274

		.895

		-.111

		.274

		.895

		-.111

		.274

		.895



		Northeast

		-.183

		.281

		.832

		-.183

		.281

		.832

		-.183

		.281

		.832



		Midwest

		.054

		.230

		1.055

		.054

		.230

		1.055

		.054

		.230

		1.055



		West

		.082

		.264

		1.085

		.082

		.264

		1.085

		.082

		.264

		1.085



		General Punitive Attitudes

		.191*

		.062

		1.210

		.191*

		.062

		1.210

		.187*

		.062

		1.206



		

		

		

		

		

		

		

		

		

		



		Intercept

		-.832*

		.102

		---

		-.858*

		.105

		---

		-.867*

		.119

		---



		Variance Explained

		10%

		15%

		28%





Note: *p < .05; N1 = 868 Individuals; N2 = 91 Counties


Table 3.  Multilevel Models of Support for Judge’s Use of Ethnicity in Punishment 

   with Cross-level Interactions of Threat Indicators

		

		Model 1 



		Variables

		b

		S.E.

		Exp(b)



		Perceived Hispanic Threat

		

		

		



		Hispanic Criminal Threat

		.183*

		.079

		1.201



		Hispanic Economic Threat

		.272*

		.111

		1.312



		Hispanic Political Threat

		.008    

		.116

		1.009



		

		

		

		



		Aggregate Hispanic Threat

		

		

		



		Percent Hispanic

		-.089

		.766

		.815



		Hispanic Growth

		.334*

		.127

		1.396



		

		

		

		



		Cross-level Threat Interactions

		

		

		



		Hispanic Criminal Threat   * Hispanic Growth 

		.126*

		.051

		1.134



		Hispanic Economic Threat * Hispanic Growth

		.175*

		.073

		1.191



		Hispanic Political Threat    * Hispanic Growth

		-.101

		.087

		.904



		

		

		

		



		Intercept

		-.848 *

		.119

		---



		Variance Explained

		30%





Note: *p < .05; N1 = 868 Individuals; N2 = 91 Counties

Model includes all additional control variables reported in Table 2

� For instance, Allport’s (1954) “contact hypothesis” suggests that large minority populations foster increased contact among members of diverse racial groups, which reduces social cleavages, improves group race relations, and thereby reduces rather than increases racial prejudice.  This theoretical argument has received increasing attention in recent years (e.g. Smith, 1994; Oliver and Wong 2003; Welch et al. 2001; Stephan, 1987), and suggests that larger minority populations may improve race relations through increased interaction, visibility and information about minority group members (Green et al. 1998).  Examples of empirical work that is consonant with this perspective include Bridges and Crutchfield (1988) and Crawford et al. (1998). 



� For example, the following specific questions have been used in previous survey research to measure perceptions of threat: “Do African Americans pose a greater threat to public order and safety than other groups?” and “African Americans take away resources that should go to others, like jobs and welfare.”



�We used the GLLAMM (Generalized Linear Latent And Mixed Models) function in STATA 10 to estimate our multilevel models.



� We also assessed the possibility of nonlinear effects of disadvantage and percent Black on support for use of an offender’s ethnicity in punishment decisions. The results showed no evidence of a significant linear or nonlinear relationship between concentrated disadvantage or percent Black and our outcome measure.  



� We also investigated the possibility of nonlinear effects for both of our aggregate-level threat measures by examining supplemental models that included squared terms for percent Hispanic and Hispanic growth.  None of these alternative measures was significantly associated with the outcome and results across the different model specifications were not sensitive to their inclusion.



� We also estimated a series of interactions between Hispanic population growth and county-level controls, as well as interactions between perceived Hispanic threat indicators and county-level controls on the outcome. Additional analyses included a set of more complex three-way and four-way interactions between Hispanic population growth, perceived Hispanic threats, and county-level controls on the response variable. None of these additional estimated interactions revealed statistically significant effects.  



� “Low” Hispanic population growth is defined as one standard deviation below the mean and “High” Hispanic population growth is defined as one standard deviation above the mean. (How are Criminal Threat and Economic Threat defined for Figures 1 and 2?  They range from 5 to 85 – Can we briefly say something about that here as well?)



� In additional analyses, we included a separate measure of “percent immigrant” in the county to capture this potentially important effect.  Because percent immigrant was so highly correlated with overall Hispanic population growth (r=.??), both could not be included in the final model, but supplemental results indicated that percent immigrant was also significantly and positively related to support for use of ethnicity in sentencing when included as an independent regressor (b= ??; SE=??).
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Thus, the

variable’s descriptives match the published statistics, even though the data are nothing like
what we claim,

This led me to dig back through all of the emails I have from Eric in my old FSU account to

see if I missed something. | found two emails that worry me. The first is his response when |
apparently asked him (on September 11, 2010) NN ' s:ic:

w, | do not, for
several reasons.

. | opened it

In another email, Eric sent me the 2009 ASC presentation for our paper (attached

and looked at the data and findings.

| remain hopeful that one of you will share a copy of the data with me that clears up these
issues. They appear quite serious to me. Without additional data and a convincing explanation,
I will have to retract my name from the article.

Best,
Justin

Justin T. Pickett

Associate Professor

School of Criminal Justice
University at Albany, SUNY




135 Western Avenue
Albany, NY 12222
Phone: 518-442-5224

Email: Jpickett@albany.edu
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Dear Criminology Editors:

My co-authors and | have been asked to provide responses to questions raised by critics of
findings reported in Stewart, Mears, Warren, Baumer, and Arnio (2018, Criminology) and a
published corrigendum to that paper. As the first author and the primary analyst for the study, I
(Eric Stewart) am taking the lead in preparing this response. However, all co-authors have had
an opportunity to review and approve the response. Below are responses to the questions that
have been raised, along with additional information that we hope will clarify the concerns that
have been raised. This memo highlights that the published works are not based on fabricated or
falsified data or analysis. It also highlights that there were several coding errors, some mistakes
in transcribing tabular results from statistical output to tables submitted for publication, and a
need for more detail about the data and methods applied. The following eight points summarize
these matters.

(1) Questions have been raised about the source data used for the paper. For your records, | have

included a copy of an email that |

For the Stewart et al. (2018, Criminology) study, we
relied on public opinion data that were received from the Research Network in 2013. It was
incorrectly assumed and reported that the data were collected in 2013, but Dr. Gertz has since
clarified that while the data used for the study were distributed to me in 2013, these data were
collected between January 2008 and December 2010. We regret that this was not explained in
the published paper or corrigendum.

(2) In the original manuscript, the standard deviations for some of the binary measures were
incorrect. This is because the paper mistakenly reported the standard deviations of those
variables in their original ordinal scales rather than the recoded binary versions of these measures
used in the study (the different versions of the variables had very similar names, and
unfortunately the wrong versions were included in the descriptive statistics reported in the
original paper). The corrigendum does not report standard deviations for the binary measures
because, unlike standard deviations for continuous measures, they are not readily interpretable
and do not provide information unique to the sample.

(3) In the original manuscript, all coefficients and standard errors were |
.
e ————

did not impact the substantive conclusions reported in the
paper but should have been explained. The results reported in the corrigendum reflect no
rounding for the coefficients and standard errors.

(4) The anonymous critique of the corrigendum highlights that it is not mathematically possible
that removing the counties and 140 respondents sampled within them could result in the
observed differences in mean age reported in the original paper and the corrigendum. That is
correct. This ambiguity noted by this critic resulted from a transcription error—age was not
accurately recorded in table 1 of the original paper. This error was corrected in the corrigendum,
which correctly reports the mean age of 47.



(5) In preparing this response, | discovered that the gender variable (male) was inaccurately
reported in the corrigendum because of a recoding error. | apologize. The original variable was
coded as 2 = males, 1 = females. | recoded the variable to a 1/0 measure, with 1 = males and 0 =
females, and separately had a version that was coded as 0 = males and 1 = females. The latter
version was inadvertently reported in the paper, but referenced as percentage male. This mistake
has subsequently been corrected, as shown in the output. Males represent 43 percent of the
sample while females represent 57 percent of it. These percentages are consistent with other
studies published in Criminology that have used other survey data collected by the Research
Network, including articles by Chiricos et al. (2004) and Pickett (2012). | also identified that in
table 2, model 4, the coefficient for homicide rate is mistakenly listed as -.014 in the
corrigendum, when it should be -.044.

(6) In the original version and corrigendum to the manuscript, the source data for the income
measure was a 6-category ordinal measure, which ranged from “1 = lowest income category” to
“6 = highest income category.” The original manuscript and corrigendum should have included
more detail to explain that each of the six categories reflected income ranges (e.g., 1 = less than
$15,000 to 6 = $100,000 or more). To provide readers with a more intuitive sense of income
differences, we used the (midpoint) income value of these categories to represent subject income;
the reported means and standard deviation were based on these values. Despite the corrections
made to the original, the mean income (and the corresponding midpoint) remained unchanged.

(7) As noted in the corrigendum, the main substantive revision to the original article consisted of
removing respondents who resided in non-southern counties from analyses reported in tables 1-3
and figures 1 and 2. Specifically, when reviewing the analysis after questions were raised about
the results reported in the original article, | discovered that some counties had been incorrectly
recorded as “southern.” Removing these counties yielded a sample that was smaller both in
terms of the number of counties and the number of respondents. That was the main substantive
change to the data, which was discussed in the corrigendum.

Given the ensuing confusion about the comparison of results reported in the original paper and
the corrigendum, it is clear that it would have been best to acknowledge two other differences
between these versions. These are discussed below.

First, in the original version of the manuscript, the lynching counts were reported to be based on
modern county and county cluster boundaries. However, after further investigation, | discovered
that some of the boundaries applied in the data did not represent the preferred modern county
boundaries. Specifically, in the original paper approximately 20 percent of the lynching counts
were situated within historical county boundaries used in the late 1800s and early 1900s, rather
than the modern boundaries. To correct this discrepancy, | reconstructed the historical county-
level lynching data to uniformly correspond to contemporary boundaries and re-estimated all
analyses reported in the paper. The corrigendum to the Criminology article reflects this
correction. | regret not describing this modification in the corrigendum; | had decided to not do
so because it had no bearing on the substantive conclusions drawn in the study, though it did
contribute to some changes to the descriptive statistics, coefficients, and standard errors reported
in the corrigendum.



Second, the results presented in the corrigendum did not address, through imputation, missing
data for some measures; by contrast, imputation was used in the analyses reported in the original
version of the paper. That difference in method was an oversight and is the key reason why
some of the values in the original and the corrigendum were not directly comparable. The
statistical and substantive results in the two were very similar. Accordingly, not using
imputation with the corrigendum did not affect the main conclusions that were reported in the
published paper or the corrigendum.

Even so, to create a more direct comparison, | re-ran the analyses from the corrigendum using
imputed data. There was no significant substantive or statistical difference in the two sets of
results. | then revisited this analysis after introducing two minor changes—I used the percent
voting Republican in the 2008 presidential election rather than the 2012 election, given that the
public opinion poll occurred in 2010 (as explained in point 1 above) and corrected the coding for
the gender variable (as explained in point 5 above). After re-running the corrigendum analyses
using imputation with these two changes included, the main conclusions were, again,
substantively and statistically similar to those reported in the original and corrigendum. For
supporting evidence, please see the accompanying output, which relied on analysis of imputed
data that incorporated the corrected gender variable and the updated indicator of percent
Republican.

(8) Questions have been raised about the means and ranges reported in the corrigendum for
concentrated disadvantage, population structure, and black population growth. Specifically, the
maximum values reported in the corrigendum for these variables are greater than the maximums
reported in the original manuscript. For concentrated disadvantage, this occurred because we
added a larger constant (13 compared to 12) to rescale the variable as a positive integer. For
population structure and black growth, this occurred because of the reconfigured county
boundaries, which yielded areas with higher upper-range values.

We hope that these responses clarify questions that have been raised about the data and results
published in the original manuscript and the corrigendum. As we have outlined above, the
discrepancies that have been noted are a function of some unfortunate coding and transcription
errors, along with insufficient information provided in the corrigendum about the data and
corrections implemented. These had no bearing on the substantive conclusions drawn. Even so,
we regret the mistakes, and in retrospect it is clear that a more detailed explanation of corrections
made between the original version of the paper and the corrigendum could have been
instrumental in heading off additional concerns.

| would like to close by stating that there was and is no fabrication or falsification of data or
results in this paper or any other papers I have authored. | feel compelled to make such a
statement because, several months ago, an anonymous person contacted you and the editors of
two other journals to highlight questions about data and results of five separate papers, with the
strong implication being that | had engaged in fraud. Subsequently, a former co-author of one of
the papers (2011, Criminology) reinforced this view after analyzing an incomplete data file and
posting an on-line critique that, again, implied fraudulent research practices on my part. This
person then shared that document with an online blog dedicated to chronicling instances of



research fraud (Retraction Watch) and with the editors of the three journals, used it as the basis
of a complaint filed with Florida State University, submitted a public records request for my
emails, and hired an attorney to assist him with further open records requests. A reporter from
the Chronicle of Higher Education subsequently sought to contact me about assumed problems
with the papers, based on discussions with the former co-author, and also filed a public records
request for emails from the Dean of my College, the FSU Office of Research Integrity, and me.
There is, in addition, the latest anonymous email sent to you raising questions about the
corrigendum to the 2018 paper published in Criminology. This process has created an
atmosphere in which discrepancies in research have been incorrectly assumed to reflect fraud
rather than unintended and regrettable mistakes and oversights. Although some good has come
from this process—for example, it led to the identification of mistakes with the original
manuscript—it is unfortunate that non-reviewed and anonymous critiques contribute to such an
atmosphere.

On behalf of my colleagues, | would like to thank you for your understanding as we worked
through the concerns raised about the original 2018 publication and the corrigendum. If you
would like additional information, please do not hesitate to let us know.

Sincerely,

Eric A. Stewart
Enc: (1) Email from Dr. Marc Gertz

(2) Corrigendum output
(3) Revised corrigendum output using imputation
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From: Gary Ostrander

To: Diana Key
Subject: Fw: Withdrawal of 2018 Article
Date: Thursday, October 24, 2019 7:22:13 PM

For you records

NANNNNNNNNNNNNNNNNNNNNNNN

Gary K. Ostrander Ph.D.
Vice-President for Research
Florida State University
3012 Westcott North
Tallahassee, FL 32306-1330
850-644-3347 office
850-645-0108 FAX
gary@fsu.edu

NANNNNNNNNNNNNNNNNNNNNNNN

From: tgblomberg@aol.com <tgblomberg@aol.com>
Sent: Thursday, October 24, 2019 7:18 PM

To: Gary Ostrander <Gary@fsu.edu>

Subject: Fwd: Withdrawal of 2018 Article

Gary,
fyi.
Tom

Thomas G. Blomberg

Dean and Sheldon L. Messinger Professor of Criminology
College of Criminology and Criminal Justice

Florida State University

Tallahassee, Florida 32306-1127

(850) 644-7380

From: McDowall, David <dmcdowall@albany.edu>

To: Eric Stewart <estewart2@fsu.edu>; Lauritsen, Janet L. <janet_lauritsen@umsl.edu>;
jody.miller@rutgers.edu <jody.miller@rutgers.edu>

Cc: Daniel Mears <dmears@fsu.edu>; Patricia Warren-Hightower <pwarren@fsu.edu>; ERIC P
BAUMER <epb5167@psu.edu>; Arnio, Ashley <aarnio@txstate.edu>; Thomas Blomberg
<tblomberg@fsu.edu>

Sent: Thu, Oct 24, 2019 7:05 pm

Subject: RE: Withdrawal of 2018 Article

Hi Eric,

My co-editors and | have discussed your email, and we will move forward with the
retraction. We will get back to you with the details of how to proceed as we consult with the
publisher and the ASC Publications Committee. | know that it must have been a hard and
painful decision to make, but it is also a courageous decision and reflects well on your


mailto:Gary@fsu.edu
mailto:dkey@fsu.edu

commitment to scholarship. For what it is worth, you have my respect.

David

David McDowall

School of Criminal Justice
University at Albany—SUNY
135 Western Avenue
Albany, NY 12222

Voice: 518-442-5225

From: Eric Stewart <estewart2@fsu.edu>

Sent: Thursday, October 24, 2019 2:05 AM

To: McDowall, David <dmcdowall@albany.edu>; Lauritsen, Janet L.
<janet_lauritsen@umsl.edu>; jody.miller@rutgers.edu

Cc: Daniel Mears <dmears@fsu.edu>; Patricia Warren-Hightower <pwarren@fsu.edu>;
ERIC P BAUMER <epb5167@psu.edu>; Arnio, Ashley <aarnio@txstate.edu>; Thomas
Blomberg <tblomberg@fsu.edu>

Subject: Withdrawal of 2018 Article

Dear Professors McDowall, Lauritsen, and Miller:

My co-authors and | request withdrawal of Stewart et al. (2018, Lynchings, Racial
Threat, and Whites’ Punitive Views towards Blacks, Criminology). Contrary to
assertions in social media and other online outlets, there was no falsification,
fabrication, or other fraud associated with this paper or others that relied on the public
opinion and contextual data. However, questions have been raised about the data
and results reported in the paper. | have taken the lead in responding to these
questions because | undertook the analyses, but this request for withdrawal comes
from all of the co-authors. Addressing the questions has yielded findings that
affirmed the main substantive results. Nonetheless, in the course of responding to the
questions, it became clear that the errors reflected in the paper, including coding
mistakes and transcription errors, exceeded what the co-authors and | view as
acceptable for a published paper. For these reasons, on behalf of the co-authors |
ask that the paper be withdrawn.

Sincerely,

Eric Stewart, Ph.D.
Florida State University
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From: Thomas Blomberg

To: Gary Ostrander

Subject: Fwd: Withdrawal of 2019 Article

Date: Thursday, October 24, 2019 6:16:37 AM
Gary,

FYI,

Tom

Sent from my iPhone

Begin forwarded message:

From: Eric Stewart <estewart2(@fsu.edu>

Date: October 24, 2019 at 2:01:49 AM EDT

To: Susan Sterett <ssterett@umbc.edu>, Law & Society Review
<lsr@umbc.edu>

Cc: Daniel Mears <dmears@fsu.edu>, Patricia Warren-Hightower
<pwarren@fsu.edu>, MiltonetteCraig <mocraig@ilstu.edu>, "Arnio, Ashley"
<aarnio@txstate.edu>, Thomas Blomberg <tblomberg@fsu.edu>

Subject: Withdrawal of 2019 Article

Dear Professors Jeannine Bell, Susan M. Sterett, and Margot Young:

My co-authors and I request withdrawal of Mears et al. (2019, “A Legacy
of Lynchings: Perceived Black Criminal Threat among Whites”, Law and
Society Review). Contrary to assertions in social media and other online
outlets, there was no falsification, fabrication, or other fraud associated
with this paper or others that relied on the public opinion and contextual
data. However, questions have been raised about the data and results
reported in the paper. I have taken the lead in responding to these
questions because I undertook the analyses, but this request for
withdrawal comes from all of the co-authors. Addressing the questions
has yielded findings that affirmed the main substantive results.
Nonetheless, in the course of responding to the questions, it became clear
that the errors reflected in the paper, including coding mistakes and
transcription errors, exceeded what the co-authors and I view as
acceptable for a published paper. For these reasons, on behalf of the co-
authors I ask that the paper be withdrawn.

Sincerely,

Eric Stewart, Ph.D.
Florida State University


mailto:tgblomberg@aol.com
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From: Linders, Annulla (lindera)

To: Eric Stewart; Wright, Earl (wrighte4)

Cc: Patricia Warren-Hightower; Brian D Johnson; Marc Gertz; Cresean Hughes; ERIC P BAUMER; Martinez, Ramiro;
Rosario, Jordyn; Thomas Blomberg

Subject: RE: Withdrawal of 2019 & 2015 Articles

Date: Monday, November 25, 2019 11:48:11 AM

Dear all,

This is just to notify you that the retractions are now posted on OUP’s journal site.

This is what the note says:

“Theauthorsof “.....TITLE....” have retracted this article because of errors uncovered in the paper
subsequent to its publication that exceed what the authors view as acceptable for a published paper.

”

Anna

From: Eric Stewart [mailto:estewart2 @fsu.edu]

Sent: Friday, October 25, 2019 5:01 PM

To: Wright, Earl (wrighte4) <wrighte4@UCMAIL.UC.EDU>; Linders, Annulla (lindera)
<lindera@ucmail.uc.edu>

Cc: Patricia Warren-Hightower <pwarren@fsu.edu>; Brian D Johnson <bjohnso2@umd.edu>; Marc
Gertz <mgertz@fsu.edu>; Cresean Hughes <cresean@udel.edu>; ERIC P BAUMER
<epb5167@psu.edu>; Martinez, Ramiro <R.Martinez@northeastern.edu>; Rosario, Jordyn
<jlrl0d@my.fsu.edu>; Thomas Blomberg <tblomberg@fsu.edu>

Subject: Withdrawal of 2019 & 2015 Articles

Dear Professors Linders and Wright:

My co-authors and | request withdrawal of Stewart et al. (2019, The Social Context of
Criminal Threat, Victim Race, and Punitive Black and Latino Sentiment, Social
Problems) and (2015, The Social Context of Latino Threat and Punitive-Latino
Sentiment, Social Problems). Contrary to assertions in social media and other online
outlets, there was no falsification, fabrication, or other fraud associated with these
paper or others that relied on the public opinion and contextual data. However,
guestions have been raised about the data and results reported in these papers. |
have taken the lead in responding to these questions because | undertook the
analyses, but this request for withdrawal comes from all of the co-authors. In the
course of responding to the questions, it became clear that the errors reflected in the
papers, including coding mistakes and transcription errors, exceeded what the co-
authors and | view as acceptable for a published paper. For these reasons, on behalf
of the co-authors | ask that the papers be withdrawn.

Sincerely,


mailto:lindera@ucmail.uc.edu
mailto:estewart2@fsu.edu
mailto:wrighte4@UCMAIL.UC.EDU
mailto:pwarren@fsu.edu
mailto:bjohnso2@umd.edu
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mailto:tblomberg@fsu.edu

Eric Stewart, Ph.D.
Florida State University
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On January 21,2021, the Editors and Publisher of Justice Quarterly retracted Dr.
Stewart's sole-authored 2003 paper.

Stewart, Eric A. 2003. School social bonds, school climate, and school
misbehavior: A multilevel analysis. Justice Quarterly 20:575-604.

Their published retraction commentary read in-part "In response to concerns raised
about this article, the Editors and the Publisher provided the author with the opportunity
to respond to the questions raised about this article, and commissioned a review by
three independent referees of the original article and the author's response to the
concerns.

Owing to the significant length of time that has passed since this article was published,
the author did not retain the data or analyses used in this paper. The author and
referees accessed the publicly available dataset, the first follow-up to the National
Educational Longitudinal Study, from the National Center for Education Statistics.

The independent review concluded that some of the concerns raised about the article
could possibly be attributed to analytic and coding decisions, but due to possible errors
in select analyses, as well as the inability of the referees to replicate the article's exact
sample and models, there was doubt cast over the reliability of the results and
conclusions in this study. For this reason, we have made the decision to retract the
article. The author has been informed of this decision.

Based upon the information from the author and the independent review, there was
insufficient evidence to support a conclusion of research misconduct in the form of data
fabrication and falsification."
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Reanalysis Report:
Johnson, Stewart, Pickett, and Gertz (2011)

Justin T. Pickett
School of Criminal Justice
University at Albany, SUNY

ABSTRACT

My coauthors and | were informed about data irregularities in Johnson, Stewart, Pickett, and
Gertz (2011), and in my coauthors’ other articles. Subsequently, | examined my limited files and
found evidence that we: 1) included hundreds of duplicates, 2) underreported the number of
counties, and 3) somehow added another 316 respondents right before publication (and over a
year after the survey was conducted) without changing nearly any of the reported statistics
(means, standard deviations, regression coefficients). The survey company confirmed that it sent
us only | ot the 1,184 reported in the article. | obtained and reanalyzed those
data. This report presents the findings from my reanalysis, which suggest that the sample was not
just duplicated. The data were also altered—intentionally or unintentionally—in other ways, and
those alterations produced the article’s main findings. Additionally, we misreported data
characteristics as well as aspects of our analysis and findings, and we failed to report the use of
imputation for missing data. The following eight findings emerged from my reanalysis:

1) The article reports 1,184 respondents, but actually there are il

2) The article reports 91 counties, but actually there are il

3) The article describes respondents that differ substantially from those in the data.

4) The article reports two significant interaction effects, but actually | N

5) The article reports the effect of Hispanic growth is significant and positive, but actually it

6) The article reports many other findings that do not exist in the data.

7) The standard errors are stable in our published article, but not in the actual data or in
articles published by other authors using similar modeling techniques with large samples.

8) Although never mentioned in the article, 208 of the jjjij respondents in the data (or |l
have imputed values.

*Direct correspondence to Justin T. Pickett, School of Criminal Justice, University at Albany,
SUNY, 135 Western Avenue, Albany, NY 12222 e-mail (jpickett@albany.edu).



mailto:jpickett@albany.edu

BACKGROUND

On May 5, 2019, my coauthors and | received an email that identified data irregularities
in our study, Johnson, Stewart, Pickett, and Gertz (2011), and in four other articles authored or
coauthored by Dr. Stewart. | asked Dr. Stewart to send me the full data for Johnson et al. (2011),
but encountered difficulties getting them. Consequently, | examined the limited files I already
had, and I o< \Vell as several other
problems, like inexplicable changes in sample size from manuscript draft il to published
article (N = 1,184) that did not affect means, standard deviations, or regression coefficients. |
sent an email to my coauthors on June 6 that listed these issues and provided my files (see
Appendix A). One of my coauthors, Dr. Gertz, then contacted the former director of the
Research Network, who confirmed that the survey he ran for us included only ] respondents
(see Appendix B). At that point, Dr. Stewart sent me a copy of the data for our article (N

In the article, we claim to have 1,184 respondents nested in 91 counties. In the actual
data, there are only Jjjjij respondents, and they are nested in Jjjjjj counties. Dr. Stewart

acknowledged that both the sample size and county number reported in the article were wrong.

He said the explanations for the differences were that: |
I, - T
published article never mentions | |t is also unclear

how the sample of ] grew to 1,184 in our article, and then to 1,379 in Dr. Stewart’s later

Social Problems article (Stewart et al., 2015), which uses the same data (with the same 54.8%

response rate, and same $62,700 mean family income). |
e



Dr. Stewart now says
N G il ar

to those in the published article. However, | am uncomfortable with the new results for four
reasons. First, | have not seen them. Dr. Stewart not sent me the data (or even the Stata output)
for the second sample. Second, the published article reports 1,184 respondents, not ] Third,

our published article lists only one survey company—the Research Network—and one survey.

Fourth, |

Before | discovered the duplicates in our data,
I T email from the Research
Network (see Appendix B) says it conducted oncji
e
N T refore, the remainder of

this report focuses on the findings from my reanalysis of the data | can account for | N
which are from the sample that our article describes (albeit inaccurately) and that Dr. Stewart
I | Oid ask Dr. Stewart for the full sample (with duplicates
included) of 1,184 respondents that he initially said he used in his original analysis for our

article. Unfortunately, he doesn’t have it, because he saved over it after dropping the duplicates.

REANALYSIS FINDINGS

The evidence suggests the data were altered in ways besides duplication. The descriptive

statistics in the published article should match

e
I However, the descriptive statistics in the published article differ substantially



from the actual data. The outcome variable in our analysis is public support for the use of
defendants’ ethnicity in sentencing decisions. The distribution of the outcome variable by
respondents’ race is shown in Figure 1 of the published article (Johnson et al., 2011: 419). Here

is how it compares to the actual data:

Figure 1.  Published Article Vs. Actual Data

50%

40%

30% 27%

20%

Percentage of Respondents

10%
3% 19
0% - e
White Black Hispanic White Black Hispanic
Published Article Actual Data

I cannot explain these discrepancies. For example, even adding Jjjij Black
respondents who ALL oppose ethnicity-based sentencing would reduce the percent of Blacks
supporting it from 38% to 13%, not to the article’s 3%. And this is not the only noteworthy
distributional difference. The table below compares all of the descriptive statistics in the
published article to those in the actual data. The means for Jjj of the Jjjj variables (or i differ
significantly between the article and data. For example, the published article claims that 43% of

respondents are political conservatives. In the actual data, Jjjjjjj are political conservatives.



Again, even I  \/uld only drop the

percentage of conservatives in the sample to 59%, not to the 43% reported in the article.

Table 1. Descriptive Statistics: Published Article vs. Actual Data

Published Article

Variables Mean SD
Use of ethnicity in punishment 31 46
Hispanic criminal threat 4.93 1.66
Hispanic economic threat 1.72 1.13
Hispanic political threat 4.38 1.41
Percent Hispanic 12 A1
Hispanic growth .26 1.53
Homicide rate (per 100,000) 3.96 4.37
Concentrated disadvantage 1.09 1.53
Percent Republican 53.04 13.02
Percent Black .10 14
Population structure 5.39 .70
White .86 41
Black 10 .33
Hispanic .04 22
Age 47.12 19.72
Male A7 .50
Married .59 31
Education level (college graduate) 42 31
Family income $62,700 $14,210
Employed 46 .50
Political conservative 43 31
Own home .78 .33
Southwest 17 41
Northeast 15 .35
Midwest 24 43
West A7 .38
South 44 .39
General punitive attitudes 6.84 2.16

Actual Data

Similarly, the mean for Hispanic criminal threat is almost |

I 2nd the mean for general punitive attitudes is over |

). in the published article than in the actual data. |
e
I | oth still a point lower than in the article.



I /0U| leave the regression
coefficients unscathed—they would be identical if all respondents | However, the

regression results in the published article differ substantially from those in the actual data. Most
notably, the main findings in the article—the interaction effect of perceived Hispanic threat
(criminal and economic) and Hispanic growth—| N T hose
findings are reported in Table 3 of Johnson et al. (2011: 423). In the actual data, |
I

This is shown in the table below.

Table 2. Interaction Effects: Published Article vs. Actual Data

Published Article Actual Data
Variables b SE Exp(b)
Variables — — —
Perceived Hispanic threat — — —
Criminal threat .183* .079 1.201
Economic threat 272* A11 1.312
Political threat .008 116 1.009
Aggregate Hispanic threat — — —
Percent Hispanic -.089 .766 .815
Hispanic growth .334** 127 1.396
Interactions — — —
Criminal * His. Growth 126* .051 1.134
Economic * His. Growth .175* .073 1.191
Political * His. Growth -.101 .087 .904
Intercept —.848*** 119 —

*p <.05; **p<.01; ***p<.001 (two-tailed).

The main effect of Hispanic growth also fails to replicate in the actual data; indeed, the
coefficient is irg - This is the case even when the interaction terms are
removed from the model. In the published article, the main effect of Hispanic growth is shown

Model 2 of Table 2, and is positive and highly statistically significant (b =.288, p <.01). In the

actual data, R . T ¢ table below compares the



estimates in Johnson et al. (2011: 420) to those from the actual data. The differences are striking,

extending to many other variables besides Hispanic growth. For example, |

Table 3. Model 2 in Published Article vs. Actual Data

Published Article Actual Data
Variables b SE Exp(b)
Percent Hispanic -.104 .662 901
Hispanic growth 102 1.334
Homicide rate (per 100,000) -.013 .033 .987
Concentrated disadvantage .051 .086 1.052
Percent Republican .001 .005 1.000
Percent Black —-.038 173 .963
Population structure —-.051 174 .950
Black —.628* .248 534
Hispanic —.982** .359 375
Age 016** .005 .016
Male .164** .056 1.178
Married .208 201 1231
Education level —-.099 .198 .906
Family income -.026 .061 974
Employed -191* .082 .826
Political conservative .367* .146 1.443
Own home -.137 .246 872
Southwest -111 274 .895
Northeast -.183 .281 .832
Midwest .054 .230 1.055
West .082 .264 1.085
General punitive attitudes 191** .062 1.210
Intercept —.858*** .105 —

*p <.05; **p <.01; ***p <.001 (two-tailed).

There are other issues with the data that are concerning. For example, one of the
irregularities raised in the email we received was the high degree of stability in standard errors
across the three models in Table 2 of our published article (Johnson et al., 2011: 420-421). In the

article, 21 regressors are included in all three models and 19 of them (or 90%) have standard

errors that are perfectly stable. In the actual data, |



I /s the table below shows, this is the case regardless of whether the
models are estimated using logistic regression (with clustered standard errors) or multilevel

modeling. In the table, there are boxes around the stable standard errors.

Table 4. Standard-Error Stability: Published Article vs. Actual Data

Published Article Actual Data: Logistic Actual Data: Multilevel
Model 1: Model 2: Model 3:
Variables SE SE SE
Criminal threat — — .084
Economic threat — — A11
Political threat — — 107
Percent Hispanic — .662 .669
Hispanic growth — 102 101
Homicide rate .033 .033 .033
Concentrated dis. .086 .086 .086
Percent Repub. .005 .005 .005
Percent Black 173 173 173
Population structure 173 174 .185
Black .248 .248 .248
Hispanic .359 .359 .359
Age .005 .005 .005
Male .056 .056 .056
Married 201 201 201
Education level .198 .198 .198
Family income .061 .061 .061
Employed .082 .082 .082
Political conservative 146 146 146
Own home .246 .246 .246
Southwest 274 274 274
Northeast .281 281 .281
Midwest .230 .230 .230
West .264 .264 .264
General punitive .062 .062 .062
Intercept 102 105 119

NOTES: Stable standard errors are boxed in.

The observed differences in standard-error stability between our published article and the
actual data are so startling that I searched for other articles to compare. | found several published
by other prominent scholars in top journals that, in design and analysis, are comparable to ours.

Specifically, they all have large samples, include a series of multilevel regression models



examining one outcome variable (stepwise, building from a baseline model), and report standard

errors to the third decimal place:

» Hagan, Shedd, and Payne (2005), American Sociological Review

> Kirk (2008), Demography

» Kirk and Matsuda (2011), Criminology

» Sampson, Morenoff, and Raudenbush (2005), American Journal of Public Health
» Slocum, Taylor, Brick, and Esbensen (2010), Criminology

> Xie, Lauritsen, and Heimer (2012), Criminology

| have included the relevant regression tables from all of these articles in Appendix C of this
report. None of the articles exhibit the degree of standard-error stability we report in Johnson et
al. (2011). Instead, they all are consistent with the actual data we have, and show that standard
errors normally vary across stepwise multilevel models, the main exception being standard errors
with two leading zeros (e.g., SE = .005).

Another issue with our data is item missing values. In the file Dr. Stewart sent me, all ]
respondents |GG - | Most surveys, a substantial number of
respondents have missing values on some of the variables (e.g., income). Closer inspection of the
data reveals that |
1 |
|



CONCLUSION

There is only one possible conclusion from reanalyzing the data | have: the sample was

not just I in the analysis for the published article;
N - ¢ 2y
be that appending the data | have and the data Dr. Stewart has for the second sample of il
respondents would change this conclusion. Unfortunately, |
I | Reoardless, our published

article did not report a second survey, or a sample of i it reported one survey of 1,184
respondents by the Research Network.
Three other things are incontrovertible. First, we omitted important information that must

be reported to journal referees and readers, like the use of GGG
Second, we misreported data characteristics, like the number of counties— |

I Third, if Dr. Stewart I

! There seems to be little reason to use county clusters in our study. It is not desirable to group together counties,
because it throws away geographic detail and creates “meaningless socio-political entities” (Hagen et al., 2013:
770). Typically, researchers only group together counties in historical studies that examine data over a large number
of decades or across centuries, and even in those studies they only create county clusters for those specific counties
that have boundaries that changed during the time period examined (e.g., King et al., 2009; Messner et al., 2005).
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APPENDIX A: “FILES AND CONCERNS” EMAIL

Brian, Eric and Marc,

I have spent the day going back through all of my records for our 2011 Criminology article. |
located files and emails that, without additional data, | have difficulty attributing to any benign
explanation.

Here is the background: the data for our 2011 paper were collected in early 2008, and the paper
was written in 2009. In fall 2009, after the analysis was finished and the paper was written, we

sent it out for feedback from colleagues. |

| was a graduate student at the time. | have attached the limited data

Eric sent me (justin_voting_data.xls), as well as the data | sent back (Voting — Data.xls). Three
things concern me.

. Eric sent me this data in December 2009, the same

e ———T
month we sent the manuscript to Criminology. I

I initially thought this must be the wrong data, even though Eric sent it to me for our paper. il

Thus, the
variable’s descriptives match the published statistics, even though the data are nothing like what

we claim,

This led me to dig back through all of the emails I have from Eric in my old FSU account to see
if I missed something. | found two emails that worry me. The first is his response when |
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apparently asked him (on September 11, 2010) GGG - He said:

At the time, as a graduate student, | found this explanation convincing. Now, | do not, for several

—
o
&
wn
o
=
EIJ

In another email, Eric sent me the 2009 ASC presentation for our paper (attached). | opened it
and looked at the data and findings.

I remain hopeful that one of you will share a copy of the data with me that clears up these issues.
They appear quite serious to me. Without additional data and a convincing explanation, | will
have to retract my name from the article.



APPENDIX B: RESEARCH NETWORK EMAIL

From: Jake Bratton <jbratton@jakebratton.com>
Date: June 7, 2019 at 9:33:13 AM EDT

To: Marc Gertz <mgertz@fsu.edu>

Subject: Re: Files and Concerns

Just FYI, Dr. Stewart was sent exactly-ecords that January 2008 and a set of cross tabs
of The demographics used in the methods section match the_ecords he was
sent fot exactly from those tabs | ran and distributed to four
other professors around the same time. The county thing Eric said we messed up was that
in May of 2008 | sent another spss file that only had the names/census info of the counties
for th_nd | think he had to would have looked up the county names by zip code
in the file for the other hand to do his analysis. | don’t have a record of providing the
county level info for those other ‘-)r so, or even that the file | sent was incomplete.

Basically the choices are inexperience in blending data resulting in loading the data twice
and not noticing or more sample size was needed to get to p<.05.
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APPENDIX C: MULTILEVEL REGRESSION TABLES FROM
ARTICLES PUBLISHED BY OTHER AUTHORS
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Table 3. Im ial Composition on White Youth Perception of Injustice




Table 4. Impact of School Racial Composition on Black Youth Perception of Injustice







Table 3. Racial/Ethnic Disparities in Arrest, With Individual and Neighborhood Characteristics
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Table 4. Racial/Ethnic Disparities in Arrest, With Individual, Family, and Neighborhood
Characteristics




Table 2. Multilevel Model of Arrest with Individual, Family, and Neighborhood Characteristics
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Table 3. The Effect of Legal Cynicism and Collective Efficacy on Arrest
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TABLE 3—Neighborhood Predictors of Violence: Project on Human Development in Chicago
Neighborhoods Waves 1-3, Age Cohorts 9-18*"
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Table 2. Hierarchical Logistic Regression Models of Female Victimization by Intimate Partner
Violence in 40 MSAs, 1989-2004 (N = 487,166)
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Table 2. Continued
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FLORIDA STATL
UNIVERSITY OFFICE of the VICE PRESIDENT for RESEARCH

TO: Gary K. Ostrander, Deciding Official
Vice President for Research

FROM: Diana Key, Research Integrity Officer (Rm?{;‘/( q
Director, Research Compliance Programs

Attached is the final report from the Inquiry Committee. Please review this document and, as Deciding
Official, determine next steps in this case. Please mark your response below as appropriate.

| accept the findings and recommendations of the Inquiry Committee, and direct the RIO to proceed in
accordance with FSU policy and procedures.

| do not accept the findings and recommendations of the Inquiry Committee. | direct the RIO to
reconvene the Inquiry Committee for further fact-finding and analysis as follows:

| override the findings and recommendations of the Inquiry Committee with the following
determination/decision:

Deciding Official Signature/Date: /_111«77,/‘« m/ <o‘//l /I,L

3012 Westcott North, Florida State University, P.O. Box 3061330, Tallahassee, Florida 32306-1330
Telephone 850.644.9694, Fax 850.645.0108 e http://www.research.fsu.edu/



CONFIDENTIAL

FSU Case # RM-JQ50
Date: 07-29-2019

Florida State University
Inquiry Report Concerning
Allegations of Research Misconduct against
Eric Stewart

Name and position of the Respondents
Eric Stewart, Professor, Criminology
Description of the allegations of research misconduct

Please see the allegation dated 05/30/2019 and the documents provided by Justin Pickett, State
University of New York, who was a co-author on one of the papers in question.

The external support pertinent to the allegation

The National Science Foundation supported the paper labeled "Stewart et al 2015." No funding
sources were disclosed in the other papers in question.

The names and titles of the committee members and experts who conducted the inquiry
Karin Brewster, Professor, Sociology;

Sonja Siennick, Professor, Criminology;

William Bales, Professor, Criminology;

Summary of the inquiry process used

The committee members reviewed the materials provided, interviewed the respondent, and
then met as a committee and discussed the evidence and findings to form a consensus
recommendation.

List of the research records reviewed
Articles named in allegations:

1. Johnson BD, Stewart EA, Pickett J, Gertz M. 2011. “Ethnic threat and social control: Examining
public support for judicial use of ethnicity in punishment.” Criminology, 49(2), 401-441. REF
Johnson, et al. (2011).

2. Stewart EA., Martinez R, Baumer EP, Gertz M. 2015. “The social context of latino threat and
punitive Latino sentiment.” Social Problems, 62(1), 69-92. REF Stewart, et al. (2015). Funding
source NSF grant #1023337 to Stewart/FSU and 1023333 to Martinez/NU,

3. Mears DP., Stewart EA, Warren, PY, Craig MO, Arnio AN. 2019. “A legacy of lynchings:
Perceived black criminal threat among whites.” Law & Society Review, 53(2), 487-517.

4. Stewart EA,, Johnson BD, Warren PY, Rosario JL, Hughes C. 2019. “The social context of
criminal threat, victim race, and punitive black and latino sentiment.” Social Problems, 66(2),
194-221. REF Stewart, et al. (2019).

5. Stewart EA, Mears DP, Warren PY, Baumer EP, Arnio AN. 2018. “Lynchings, racial threat, and
whites’ punitive views toward blacks.” Criminology, 56(3), 455-480. (2018).
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Also sent with the Allegations was a list of articles referenced by year the survey was conducted
as listed below:

2008 Survey

1. Johnson BD, Stewart EA, Pickett J, Gertz M. 2011, “Ethnic threat and social control: Examining
public support for judicial use of ethnicity in punishment.” Criminology, 49(2), 401-441. REF
Johnson, et al. (2011). Funding source not disclosed.

2. Stewart EA., Martinez R, Baumer EP, Gertz M. 2015. “The social context of latino threat and
punitive Latino sentiment.” Social Problems, 62(1), 69-92. REF Stewart, et al. (2015). Funding
source NSF grant #1023337 to Stewart/FSU and 1023333 to Martinez/NU.

2013 Survey

1. Mears DP., Stewart EA, Warren, PY, Craig MO, Arnio AN. 2019. “A legacy of lynchings:
Perceived black criminal threat among whites.” Law & Society Review, 53(2), 487-517. REF
Mears, et al. (2019). Funding source not disclosed.

2. Stewart EA,, Johnson BD, Warren PY, Rosario JL, Hughes C. 2019. “The social context of
criminal threat, victim race, and punitive black and latino sentiment.” Social Problems, 66(2),
194-221. REF Stewart, et al, {2011). Funding source not disclosed.

3. Stewart EA, Mears DP, Warren PY, Baumer EP, Arnio AN. 2018. “Lynchings, racial threat, and
whites’ punitive views toward blacks.” Criminology, 56(3), 455-480. REF Stewart, et al. (2018).
Funding source not disclosed.

Data files and documents provided by Justin Pickett:
1. Excel file titled "Justin_voting_data" which contains 1,000 rows of data and six columns.
2. Excel file titled "Voting - Data".

3. Emails to FSU and a report regarding his request for the retraction of one of the articles
named in the allegation.

Information provided by respondent:

1. Emails between Eric Stewart and the survey data provider Jake Pratton which included
datasets from the 2008 survey by The Research Network and datasets from the 2013 survey
(January 9, 2008, July 25, 2008, and May 8, 2017)

2. Stata output showing different samples from the Research Network.
3. Emails between Eric Stewart and journal editors.
4. Emails from Eric Stewart relating to the data issues raised.

5. Output from the statistical programs STATA and SPSS that contains the results from statistical
analyses conducted by Eric Stewart.

6. Journal and newsletter articles related to the allegation.
a. Morenoff et al. 2001, Criminology (Published article addressing stability)
b. Pickett et al. 2012, Criminology (Published article addressing stability)
c. Rodriguez 2007, Justice Quarterly (Published article addressing stability)
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d. Morris and Perry 2016, Social Problems

e. Diekmann 2007, Journal of Applied Statistics (cited by John Smith - not enough zeros in 3™
decimal place)

f. Diekmann and Jann 2011, German Economic Review (critique of how scholars are uing
Benford's law and 3™ digit issue)

g. Stewart et al., correction; Criminology

h. Medium.com, "So, You Want to Blow the Whistle"

i. APS Observer, "A Call to Change Science's Culture of Shaming"

j. Bartlett 2018, Chronicle of Higher Education

k. Sciencemag.org, "Meet the 'Data Thugs' Out to Expose Shoddy and Questionable Research"

Summaries of Respondent interview(s)

Each of the three committee members was afforded the opportunity to ask the respondent any
guestions they wished answered to and any of the committee members could ask followup
questions. This process took quite some time and the respondent was very thorough in his
answers to the initial questions and to any follow-up questions or requests for clarification of his
answers.

The committee asked broad questions about the processes used to generate the data, analyses,
and tables, and specific questions about the issues raised in the allegation. The respondent
explained his role in producing and reporting the research results, the status of his ongoing
examination of the issues raised in the allegation, and the details of his correspondence with the
people bringing the allegations. To summarize, the respondent reported that the
inconsistencies identified in the allegation stemmed from a complex rolling data collection
strategy, errors in transposing the research results, and the complainant's misuse of posthoc
techniques for validating research results.

Committee recommendation and the basis for the recommendation

Following the interview, the committee members deliberated for some time concerning the
respondent's answers and agreed to reconvene after reviewing materials provided by the
respondent (as noted in item 6, Information from Respondent.) This second meeting was held
on Friday, July 19, 2019. Additional meetings were held on Wednesday, July 24, 2019 (by phone)
and on Monday, July 29, 2019.

Based on our reviews of the published work and the supplemental materials as well as our
interview of Dr. Stewart, we believe that no further investigation is necessary. We found no
evidence that the data used by Dr. Stewart in the five papers at issue were fabricated. We did
find evidence that Dr. Stewart incorrectly described the data used in the 2011 paper on which
Dr. Pickett was a coauthor. In addition, we found errors resulting from insufficient care in
recording research results. Below, we list our findings for each specific allegation.

1. Anomalies in standard errors and coefficients:

a. Standard errors are stable across models: Respondent provided output from ongoing
reanalysis of the dataset in question and committee members observed that many of the
standard errors in these models were stable to fourth decimal place. Although this degree of
stability may seem unusual, it likely reflects the lack of shared variation between model controls

Page 3 of 6




CONFIDENTIAL

(i.e., the variables that appeared in all models) and the predictors stepped (singly) into the
models.

b. Lack of third-place zeroes: Committee did not have access to output from original analyses so
we could not determine whether the original standard errors lacked ending zeros. We did have
a copy of an email sent by the respondent to Dean Thomas Blomberg (5-28-2019) addressing
this matter. In it the respondent states that he alters coefficients and standard errors that end
with zero or have multiple zeros to the right of the decimal so as to minimize presumed
concerns of reviewers. The committee members urge the respondent to either report results “as
is” or to rescale variables likely to produce exceedingly small coefficients and/or standard errors.

2. Discordant means and standard deviations: These were explained by the respondent as
errors made in transcribing results from output to manuscript tables.

3. Incongruent changes in Mears et al. (2019): Respondent provided the output that
informed these changes and we are satisfied that the published tables accurately represent the
analyses.

4, Identical descriptive statistics across different samples and samples of different sizes:
This problem reflects the respondent’s method for constructing tables: For ease of formatting,
he “overwrites” a table from a previous project. During his interview with the committee,
respondent admitted to a lack of care and a failure to proofread.

5. Unusual changes in sample sizes over time:

a. Pickett’s allegation concerning the 2011 paper: An increase in sample size between a
conference presentation (N = 868) and published manuscript (1,184). In his review of his own
records and data for this paper, Dr. Pickett found that 500 observations were duplicated—but
this duplication was inadequate to explain sample size increase. During the interview, the
respondent explained the change in sample size as reflecting his addition to the sample of new
observations sent by the Research Network, a local polling firm. He also acknowledged the
duplication as an error in merging the new observations into the original data, and noted that he
has contacted the journal’s editor to expect a reanalysis using the corrected data.

b. “John Smith” allegations: A larger sample in the 2015 paper than in the 2011 paper, although
both papers used the same data. In addition, as noted by a committee member during the
committee’s interview with the respondent, the 2015 sample should be smaller, because it was
based on non-Latino Whites but the 2011 sample included Black and Latino respondents as well
as the non-Latino Whites. The respondent explained the Smith allegations and the committee
member’s observations as a reflection of the “rolling data collection” procedures used by the
Research Network.

The respondent provided two sets of materials, some of which speak to this issue (one set
received during the interview, and more data documentation on 7-25-19 in response to a
committee request made 7-24-19). The material received on 7-8-2019 shows that the
respondent received three data files from the Research Network with a total of 1,372
observations (500 + 425 + 447), approximately the size of the complete data set (1,379) noted in
the 2015 publication. The material received on 7-25-2019 describes three data files that the
respondent is using to re-do the analyses for the 2011 paper, with a total of 1,007 observations;
the respondent did not share with the committee how he created these files.

6. Incorrect statistics and distributions: The respondent acknowledged errors in the
estimation of the median and his reporting of the cumulative income distribution for the 2011
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and 2015 papers. These errors, combined with the respondent’s reliance on “overwriting” tables
(see item 4, above), produced the problems noted by “John Smith.”

7. Improbable survey design and data structure:

a. Cell phone area codes are not a good representation of an individual’s place of residence:
During the interview, the respondent noted that zip codes, not area codes, were used to identify
place of residence. This information was then aggregated to the county level.

b. Source of the 2013 data: The 2013 survey was conducted by students, under the guidance of
personnel who had been employed by the Research Network. The respondent’s receipt of data
was confirmed by his email records.

c. Data were provided to the respondent through personal contacts with Research Network
personnel. No external funding was used for data collection.

8. Number of counties and creation of the “county clusters”: in his emails to Diana Key (6-
10-2019 and 7-23-2019), Dr. Pickett noted that the 2011 paper reported using data for 91
counties, but respondents in the Research Network data actually represented 292 counties. In
discussing this issue during his interview with the committee, Dr. Stewart acknowledged that,
although the paper referred to counties and reported descriptive statistics for counties, in
performing the analyses, he aggregated the counties into clusters. He provided no explanation
for this decision, but committee members note that aggregating the counties allowed Dr.
Stewart to use what was then an emerging statistical approach that could not have been
supported by the county-level data. Nonetheless, the use of clustering may explain the
discrepancy between the sample size presented in the paper and the sample size observed in
the original data. This should have been described more clearly in the paper.

9. Failure to report handling of missing data: During the interview, Dr. Stewart noted that
he relied on multiple imputation to handle missing data, yet none of the five papers addressed
in our inquiry discuss imputation specifically or the handling of missing data more generally.
Methods to resolve missing data have implications for results and it is standard practice for
researchers to discuss missing data, even when they use a complete case approach (i.e.,
dropping observations with missing data on any variable).

Respondent comments on the draft report ,—;>>\L/
nts:

[] are attached, gmhe respondent chose not to provide any comme
Whether any other actions should be taken if an investigation is not recommended

The committee recommends that Dr. Stewart contact the editors of Criminology (2011 paper)
and Social Problems (2015 paper) regarding his original description of the “county clusters” as
counties and his failure to report his reliance on imputation to handle missing data. The
journals’ editorial boards will need to decide what steps are necessary and we expect that Dr.
Stewart will provide any assistance or information deemed necessary by the journals.

Report submitted by (name and signatures of all Committee members)

pA D Babe

William Bales
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FSU Case # RM-MB58
Date: 3/26/2020

Florida State University
Inquiry Report Concerning
Allegations of Research Misconduct against

Eric Stewart

1. Name and position of the Respondents
Eric Stewart, Professor, Criminology
2. Description of the allegations of research misconduct

Fabrication/falsification of data included in a publication entitled. “School social bonds, school
climate, and school misbehavior: A multilevel analysis.” Stewart, Eric A. 2003, Justice Quarterly
20:575-604.

3. The external support pertinent to the allegation
None
4, The names and titles of the committee members and experts who conducted the inquiry
. Kathryn Tillman, Professor, Sociology
. Fred Huffer, Professor, Statistics
. Debajyoti Sinha, Professor, Statistics
5. Summary of the inquiry process used

The committee members reviewed the materials provided, interviewed the respondent, and
then met as a committee and discussed the evidence, analyzed data using code provided by the
Respondent, and formed a consensus recommendation.

6. List of the research records reviewed

Pickett email allegation dated 1/15/2020, with attachments (1) the publication entitled. “School
social bonds, school climate, and school misbehavior: A multilevel analysis.” Stewart, Eric A.
2003, Justice Quarterly 20:575-604; (2) Appendix A, Comparison to Stewart’s (2003: 602); Code
for accusations; (3) ICPSR Student data file; (4) Pickett Additional Evidence dated 1/14/2020; (5)
Hoffman (2003) Analyses of NLES; (5) Hoffman (2006) Another Analysis of NLES; (6) Peugh
(2010) NELS Analysis.

7. Summaries of Respondent Interview(s)

Our committee met with Dr. Stewart on February 11 for about an hour. At this meeting he
distributed a document he had prepared which discusses the points raised in Dr. Pickett's email
of January 14 attacking the validity of his 2003 paper. This document describes a plausible
recreation of a sample similar to that used in his 2003 paper. In our meeting, we questioned Dr.
Stewart about the steps in the construction of this sample and the results obtained using this
sample, including the loadings obtained in a factor analysis of the school involvement variables.
Dr. Stewart also listed in his document various published research studies using the same data
which reported a range of sample sizes and degrees of urbanicity, which Dr. Stewart felt
contradicted some of Dr. Pickett's assertions. This material was also discussed in our meeting.

8. Committee recommendation and the basis for the recommendation
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Dr. Stewart's paper of 2003 omits many details of the analysis, and he does not have any
surviving research documentation which supplies these details. In particular, Dr. Stewart no
longer has his original data files nor any of the code he used for his analysis. This rather limits
what our committee can do. Itis regrettable the Dr. Stewart's paper omitted these analysis
details (which relate mainly to the treatment of missing values and the decision of which schools
to include), but this in itself does not constitute evidence of research misconduct, and these
sorts of omissions were not uncommon at the time of Dr. Stewart's publication.

Dr. Pickett claims that some of the numbers given in Stewart's 2003 paper are "impossible". Dr.
Stewart endeavored to construct a plausible recreation of the sample used in his 2003 analysis
which produced numbers similar to those from his 2003 paper, thereby refuting their
impossibility. Dr. Stewart believed that he would have dropped all schools with small numbers
of respondents, and that he would then have imputed replacements for missing values
whenever possible. In his plausible recreation, Dr. Stewart first dropped all students with
missing School ID's and all students from schools with fewer than 17 student respondents. His
intention was then to (1) retain students who had useful values on at least one of the GPA
measures (dropping the others), (2) retain students who had useful values on at least one of the
School Involvement measures (dropping the others), and, finally, (3) drop students who were
missing any of the School Misbehavior measures. In the course of dropping these students,
some schools dropped below 17 students, and he then deleted these schools from the analysis.
This left Dr. Stewart with a sample consisting of 12,250 students from 569 schools. These
numbers are not too greatly different from the 10,578 students in 528 schools reported in Dr.
Stewart's 2003 paper. Dr. Stewart then carried out a factor analysis (using PCA) on the
correlation matrix of the school involvement measures and obtained factor loadings which were
somewhat smaller but had a similar general magnitude to those reported in his 2003 paper.
This demonstrates that these numbers are "possible" (although, as noted below, they are not
likely to be statistically valid, and we agree with Dr. Pickett that factor loadings this large are
highly implausible).

The committee obtained Dr. Stewart's code and exactly replicated his findings described above.
We discovered, however, that in deleting the students in steps (1), (2), (3) above, Dr. Stewart
made coding errors so that his final data contained many students with numerical missing value
codes which were then used in computing the correlation matrix, resulting in greatly inflated
factor loadings. If Dr. Stewart's original code contained similar errors, that would explain the
factor loadings in his 2003 paper.

(We note that by varying the details of Dr. Stewart's three steps it is actually possible to get
much closer to the figures of 10,578 students in 528 schools than he did in his plausible
recreation.)

Dr. Pickett notes other irregularities in Stewart (2003). The sample produced in Dr. Stewart's
plausible recreation does not succeed in explaining these irregularities; it does not reproduce
the "urbanicity" reported in his 2003 paper, nor does it reproduce the number of students
"never having been put on an in-school suspension”. However, there are many ways to vary the
schools which are used and the treatment of the missing values, so that it is conceivable that
there exists some reasonable way to construct the sample which actually leads to the values
reported in the 2003 paper. And if one allows for the possibility of coding errors, then almost
anything is possible. Dr. Pickett notes that the reported mean and standard deviation of the
binary variable "School location" are impossible since these values are connected
mathematically. These values can be easily explained either by a typographical error or by a
coding error. For example, if Dr. Stewart left missing value codes in his original data (as he did in
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his plausible recreation) and used these in his calculation of the mean and SD, then the mean
and SD are no longer mathematically related in the expected way.

Our committee has found no evidence which strongly points to research misconduct. Given the
many conceivable ways the original analysis could have been conducted and the possibility of
coding errors, it does not seem feasible to reconstruct the original analysis or even determine
with any certainty for many quantities what values are possible or would indicate research
misconduct. For these reasons we believe that a full investigation is not warranted.

Respondent comments on the draft report
|:| are attached, or IZI the respondent chose not to provide any comments.
Whether any other actions should be taken if an investigation is not recommended

N/A

Report submitted by (name and signatures of all Committee members)

——DocuSigned by:

6ES9FA90BCECAFE...
Kathryn Tillman, Professor, Sociology

——DocuSigned by:

Db Sindea

CBAEO0393DAC54A6...
Debajyoti Sinha, Professor, Statistics

——DocuSigned by:

‘Fwﬂhﬁiy

T84 3959E285EASF—

Fred Huffer, Professor, Statistics
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MEMORANDUM

Date: April 1, 2021
To:  Dr. Gary Ostrander

From: Eric Stewart

Dear Dr. Ostrander:

I am writing to provide a theoretical and methodological justification for each of the five retracted
articles published in criminological and sociological journals. The discussion proceeds as follows. First,
I begin with an Introduction that explains the veracity and authenticity of the data utilized in each of the
articles. This includes providing written documentation from the owner of the Research Network who
documents the numerous datasets provided to me from 2008 through 2018. | then provide a discussion
of the methodological decisions made across each article. Following these discussions, | outline each
article as well as the articles’ results. Additionally, in Appendix A, I have provided a table which lists a
sample of published articles that utilized the data collected by the Research Network and have an over-
presentation of Whites, middle-class, college educated, and individuals in the southern region.
Therefore, the data presented in the retracted articles are consistent with other data produced by the
Research Network. In summary, this memorandum provides detailed information reinforcing the
inaccuracy of the research misconduct allegations.

Sincerely,

Eric A. Stewart



Introduction

The following discussion provides a theoretical and methodological explanation of the five retracted
articles. Prior to my discussion of the articles, | would first like to explain the veracity and authenticity
of the data utilized in each of the articles. This memo substantiates the fact that the published works are
not based on fabricated or falsified data or analyses. The data utilized for the articles were collected by
the Research Network, a survey research center. Dr. Marc Gertz, a faculty member within the College of
Criminology & Criminal Justice, owned and operated the Research Network for 26 years. During that
time, he would permit me to add sets of questions to numerous surveys being collected by the Research
Network to study issues related to race, ethnicity, discrimination, and punitiveness (Note: Dr. Gertz
extended this same courtesy to other faculty and graduate students within the College of Criminology). |
was gathering data because | was building one of the most comprehensive databases in the field of
Criminology to study complex issues around environment, race, ethnicity, discrimination, and punitive
sentiment. To accomplish this task, there were multiple surveys in which I was allowed to add
questions. There were also other datasets that were provided to me because they asked similar questions
related to race, ethnicity, discrimination, and punitiveness and demonstrated high degrees of internal
consistency (o = .70 or higher) among the questions. | was consistently provided with datasets in order
to build a larger database. Dr. Gertz provided me with datasets in 2008, 2009, 2013, 2017, and 2018.
Following this Introduction, | have provided an email from Dr. Gertz that clearly states the years for
which data were shared with me. Between 2008 and 2018, | received more than 10 separate datasets
from the Research Network. The datasets range in sample size from 450 to 3,000. Each data file
contained demographic information including race, ethnicity, gender, age, marital status, educational
attainment, income, city or zip code in which the respondent currently resided, and numerous questions
relevant to studying issues about race, crime, and justice in America.
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the manuscripts exploring lynchings, the lynching data for Southern states were provided by Stewart E.
Tolnay and E. M. Beck. The data reflect lynchings that occurred from 1877-1950. Importantly, by 2017,
I had a data file which included approximately 5,500 survey respondents. In each of the published
studies, | would




For the Stewart et al. (2018, Criminology; 2018, Social Problems) and Mears et al. (2019, Law and
Society Review) studies, I relied on public opinion data that were received from the Research Network in
2013. It was incorrectly assumed and reported that the data were collected in 2013. In prior years, | was
forwarded data in the year in which the data were collected. However, after the articles were published
(and questions raised about the studies), Dr. Gertz clarified that while the data used for the three studies
were distributed to me in 2013, these data were collected between January 2008 and December 2010. |
notified the editors of the three journals to report this error and offer corrections.

Importantly, this rounding did not and could not change the substantive or statistical significance of the
papers’ findings. While applying this rounding rule did not impact the substantive conclusions reported
in the articles, | should have explained this process more clearly.

In the articles, the standard deviations for some of the binary measures were incorrect. This is because |
mistakenly reported the standard deviations of those variables in their original ordinal scales rather than
the recoded binary versions of these measures used in the studies (the different versions of the variables
had very similar names, and unfortunately in some instances the wrong versions were included in the
descriptive statistics reported in the articles). It is important to note that unlike standard deviations for
continuous measures, standard deviations for binary measures are not readily interpretable and do not
provide information unique to the sample.
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Next, the demographic characteristics in all five of the manuscripts are consistent with the samples in
other manuscripts utilizing data collected by the Research Network; which were nationally
representative samples of the U.S. population. The overrepresentation of several sample characteristics
is also reflected in other studies that used Research Network data (see Table 1 in Appendix A). For
example, in a paper published in Criminology by Chiricos et al. (2000), 73% of the total sample is
White, 11% is Black, 16% Hispanic, and respondents are approximately 45 years of age. Similarly,
Pickett et al. (2014) has a published manuscript that uses a sub-sample of the entire survey population.
The sub-sample is White and represents 80% of the total sampled population. Additionally, similar to
Johnson et al. (2011), 58% of the sample in Pickett et al. (2014) is female, 32% is 65 years of age or
older, 32% graduated from college, and 34% of the sampled population is in the Southern region. In
another paper published in Criminology, Chiricos et al. (2004), report 79.8% of the total surveyed
population is White, 11.4% is Black, and 7.4% is Hispanic. Approximately, 44% graduated from college
with a mean age of 46. Finally, in a manuscript published in Crime and Delinquency by Stupi et al.
(2016), also using Research Network data, the sample is 84% White, 9% Black, with an average age of
43 and 55% of the sample residing in households with incomes of at least $50,000.

Across 16 years, the overrepresentation of Whites, females, older respondents, college educated
respondents, and respondents from the southern region observed in my published work is reflective in
other published manuscripts that utilized data from the Research Network also appearing in
Criminology, Justice Quarterly, and other top journals in both sociology and criminology. Moreover,
despite the various sample sizes across the studies listed in Table 1, the demographic characteristics are
incredibly consistent and demonstrate a broader pattern that is reflective of the demographics in the
retracted articles being questioned in this context.

In sum, the purpose of this narrative is to clarify decisions that were made relative to the data and results
published in the five articles that were retracted. As | outlined above, some of the concerns about the
manuscripts were a function of unfortunate coding and transcription errors, along with insufficient
information provided in the manuscripts about the data and methodological decisions. While 1 regret
these errors, there was no bearing on the substantive conclusions drawn. In retrospect, it is clear that a
more detailed explanation of the data and/or methodological decisions could have been instrumental in
heading off some of the concerns. As a result of the errors observed in the manuscripts, my co-authors
and | decided to voluntarily retract the manuscripts because we were uncomfortable with the number of
errors in the published manuscripts. Despite malicious allegations of research misconduct grounded in
highly inflammatory language, there was no fabrication or falsification of data or results in any papers
that I have authored. The unconscionable act of publicly accusing scholars of fraud without proper
investigation, full knowledge, and correct information creates an atmosphere in which errors in research
are assumed to reflect fraud rather than unintended and correctable mistakes that occur in research. In
fact, corrections of major analytical errors have been issued in social science journals in recent years
without accompanying allegations of research misconduct. The violation of confidentiality by the public
sharing of partial and inaccurate information amplified this situation to its current standing. The public
and incendiary nature of the misconduct accusations created a highly toxic environment where there was
an inherent willingness and urgency to discredit my record.

References:

Royston P. 2005a. Multiple imputation of missing values: update. Stata Journal 5:188-201.
Royston P. 2005b. Multiple imputation of missing values: update of ice. Stata Journal 5:527-536.
Rubin D.B. 1987. Multiple imputation for nonresponse in surveys. Wiley, New York.
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To Whom it May Concern,

My name is Marc Gertz and | was the founder and president of
The Research Network ( a survey research firm) for 26 years.
During that time | conducted myriad academic research projects
for numerous colleagues, including many for the College of
Criminology at FSU, as well as other departments at FSU and
other universities. A few surveys were conducted in Europe and
the Middle East. Many of these data sets ended up as scholarly
articles in top tier journals and doctoral dissertations.

If you have further inquiries, please do not hesitate to call on
me.

Thank you for your time and attention
Sincerely, marc gertz



Ethnic Threat and Social Control: Examining Public Support for Judicial Use of Ethnicity
in Punishment. (2011).

Purpose of the Study
This research is one of the first attempts to investigate the role that both objective and perceptual
measures of ethnic threat play in the formation of public support for judicial use of offender ethnicity in
sentencing. Thus, the study responded to calls for additional research that explored multiple dimensions
of group threat, for additional minority groups, and for additional measures of social control. This study
incorporated both objective and perceptual threat measures to disentangle their unique and
complementary influences. To investigate these issues, the study specifically examined six research
hypotheses:
H1: The relative size of the Hispanic population will be positively related to public support for
use of ethnicity in criminal sentencing.

H2: The growth rate of the Hispanic population will be positively related to public support for
use of ethnicity in criminal sentencing.

H3: Perceptions of ethnic criminal threat will be positively related to public support for judicial
use of ethnicity in criminal sentencing.

H4: Perceptions of ethnic economic threat will be positively related to public support for judicial
use of ethnicity in criminal sentencing.

H5: Perceptions of ethnic political threat will be positively related to public support for judicial
use of ethnicity in criminal sentencing.

H6: The effects of perceived political, economic, and criminal threat on public support for
judicial use of ethnicity in criminal sentencing will be greatest in social contexts characterized
by relatively large or increasing Hispanic populations.




Results

1. The results suggested that changing population demographics were a strong predictor of support for
judicial use of offender ethnicity in sentencing. Specifically, the growth rate of the Hispanic population
was strongly and positively related to support for use of ethnicity in sentencing.

2. The results provided empirical evidence for the link between criminal threat and approval of the use
of ethnic considerations in punishment. Specifically, individuals who perceived Hispanics to be a
greater threat to public safety were more likely to support judicial use of ethnicity in sentencing.

3. The results also suggested that individual perceptions of economic threat are positively related to
public support for use of ethnicity in the exercise of social control. Individuals who perceived Hispanics
to be a greater threat to scarce economic resources like employment and welfare were more likely to
support judicial use of ethnicity in punishment.

4. The results showed that perceived threats demonstrated stronger influences in contexts characterized
by higher levels of objective threat. Both criminal and economic ethnic threat measures became stronger
as the Hispanic growth rate increased in the county.
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Social Context of Latino Threat and Punitive Latino Sentiment. (2015).

Purpose of the Study
The relationship between racial context, extralegal factors, and social control has long been a topic of
debate among sociologists and criminologists. Much of this work is rooted in the conflict and racial
threat perspectives, which argue that culturally dissimilar minority groups are perceived by the dominant
group as a diffuse threat to the social order, and that the criminal justice system is instrumental in
helping to control such threats. Thus, using the Latino group threat perspective, this study investigated
the effects of micro- and macro-level measures of Latino threat on punitive Latino sentiment. The
research was directed at advancing understanding of the role that Latino population size and growth
played in shaping individual-level perceptions of Latino threat and attitudes among whites that are
consistent with a desire for greater social control efforts against Latinos. The following hypotheses were
explored:

H1: Does the relative size of the Latino population predict punitive Latino sentiment among

Whites?

H2: Does growth in the Latino population predict punitive Latino sentiment among Whites?

H3: Is criminal, economic and political threat posed by Latinos associated with punitive
Latino sentiment?

H4: Are perceptions of Latino threat associated with punitive Latino sentiment?



Results

1. The findings indicated that a growing ethnic minority population increases perceived threat among
Whites, which, in turn, heightened support for punitive social control of ethnic minorities. Specifically,
the findings suggested that about one-third of the effect of Latino population growth and more than one-
half of the effect of the relative size of the Latino population on White punitive sentiment toward
Latinos is due to heighted perceptions of Latino economic and criminal threat.

2. The results indicated that dimensions of perceived Latino threat translated into greater punitive
sentiment against Latinos particularly in areas with recent growth in the Latino population. These
findings imply that Latino population context is an important dimension of shaping White attitudes
about perceived economic and criminal threat, which in turn yields greater punitiveness.
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Lynchings, Racial Threat, and Whites’ Punitive Views towards Blacks (2018).

Purpose of the Study
An emerging body of research suggests that past lynchings are associated with contemporary racial
disparities in crime, punishment, and social policies. This study sought to contribute to scholarship
aimed at testing racial threat theory and advancing understanding of the factors that give rise to punitive
sanctioning, racial disparities in punishment and, in turn, racial divides in contemporary America.
Specifically, the study sought to understand Whites’ views about punishment of Black criminals and the
role that lynchings play in shaping these views. There are no direct tests of the implied theoretical
mechanisms or, in turn, an interactional model in which the effects of lynchings on Whites’ punitive
sentiment may be amplified by views of Blacks as criminal threats. Therefore, this research examines
the following research hypotheses:
H1: Whites who reside in areas with a higher volume of past lynchings will be more likely to
support tougher sanctioning of Black criminals.

H2: The effect of lynching on White punitive sentiment towards Blacks will be partially
mediated by Whites’ perceived criminal threat from Blacks.

H2a: The effect of lynchings will be partially mediated by perceived Black criminal threat.

H2b: The effect of lynchings will be partially mediated by perception of Black-on-White
violence.

H3: The impact of lynching on White punitive sentiment towards Black offenders will be
moderated by Whites’ perceived threat from Blacks.

H3a: The effect of lynchings will be amplified by Whites’ perceptions of Black criminal
threat.

H3b: The effect of lynchings will be amplified by Whites’ perceptions of Black-on-White
violence.

-
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Results
1. The findings indicated that Whites who lived in areas where Black lynchings were more common
were more likely to support punitive responses to Black criminals.

2. The results also indicated that Whites supported substantially tougher punishment of Black criminals
as compared to White criminals. These effects were partially mediated by perceptions of Blacks as a
criminal threat in general and to Whites in particular.

3. The results suggested that when the focus was on Whites’ perceptions of Blacks as likely to commit
crimes specifically against Whites, an amplification effect emerged. Specifically, among Whites who
perceived Blacks as likely to victimize Whites, residing in areas with higher levels of lynchings
increased Whites’ punitive sentiments toward Black criminals.
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The Social Context of Criminal Threat, Victim Race, and Punitive Black and Latino Sentiment
(2019).

Purpose of the Study
Theoretical treatments of race and punishment are routinely cast in terms of racial group threat
perspectives that suggest large and growing minority populations generate group prejudice and hostility
on the part of the White majority, which is then translated into enhanced social control efforts in the
criminal justice system. At the same time, sociological formulations of the behavior of law argue that
race is a key component of social stratification in American society and stronger legal responses are
expected in situations involving White victims and racial minority offenders. The current research
united arguments, examining the complementary and interactive influences of aggregate population
contexts, localized perceptions of criminal threat, and race of victim effects in public support for
enhanced social control directed at minority offenders. Toward that end, the following hypotheses were
explored in this study:

H1: The objective size and recent growth of the Black and Latino populations will increase

punitive sentiment among White respondents.

H2: Subjective perceptions of Black and Latino criminal threat will increase punitive sentiment
among White respondents.

H3: Crimes involving White victims that are committed by Black or Latino offenders will
increase punitive sentiment among White respondents.

H4: Crimes involving Black or Latino victims that are committed by Black or Latino offenders
will not increase punitive sentiment among White respondents.

H5: The effect of victim race on punitive sentiment will be stronger in social contexts
characterized by large or growing Black and Latino populations.

H6: The effect of victim race on punitive sentiment will be stronger in social contexts
characterized by greater subjective perceptions of Black and Latino criminal threat.

-
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Results
1. The findings showed support among White respondents for punitive sentiment aimed at Black and Latino
offenders.

2. The results suggested that punitiveness was significantly related to recent population growth for both
groups. White survey respondents in counties with growing Black or Latino populations expressed greater
punitive sentiment toward Black and Latino defendants.

3. The findings indicated that perceptions of criminal threat were positively related to punitive sentiment
toward Black and Latino offenders. Individuals who viewed Blacks and Latinos as more criminally involved
and greater threats to public safety are more likely to support punitive measures that specifically target them
in the criminal justice system.

4. The findings suggested that victim race plays a role in punitive sentiment toward Black and Latino
offenders. Specifically, White respondents report greater punitiveness when asked about scenarios involving
White victims and minority perpetrators. However, for situations involving minority victims, White
respondents expressed less punitiveness toward White offenders who target minority victims.

5. The results indicated that the effect of a White victim was stronger in areas where Black criminal threat

was high and Black population growth was more rapid. This effect also increased significantly when Latino
criminal threat was high and Latino population growth increased.
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A Legacy of Lynchings: Perceived Black Criminal Threat among Whites. (2019).

Purpose of the Study
Research on lynchings has emphasized the salience of lynchings for exemplifying and supporting a
culture of racial animus and hostility towards Blacks that exerts a persisting influence on race relations
in contemporary America. This paper sought to contribute to scholarship aimed at understanding the
historical legacy of lynchings and contemporary racialized views of crime. Specifically, it examined
whether lynchings influenced modern-day views that Whites hold of Blacks both as criminals and
as criminal threats to Whites. This theoretical argument stemmed from literature on the role of
Iynchings in expressing and supporting a deep-rooted cultural view of Blacks that persists in
contemporary society and continues to shape how Whites perceive Blacks. Drawing on this work
and on racial threat theory, this research examines the following research hypotheses:

H1: Perceived Black criminal threat—that is, the perception that Blacks are

criminal and that they are more likely to commit crimes against Whites—will be greater

among Whites who reside in areas that experienced higher numbers of lynchings.

H2: In contemporary America, this effect will be more pronounced among Whites who
reside in areas marked by greater social and economic disadvantage.

H2a: In contemporary America, this effect will be more pronounced among Whites
who reside in areas that are politically conservative.

20



Results

1. The results indicated that Black lynchings were significant and positively associated with perceived
Black criminal threat and perceived threat of Black-on-White crime. This finding suggested that, among
Whites in contemporary America, levels of perceived Black criminal threat and threat of Black-on-
White crime are higher in counties where historical patterns of Black lynching activities were more
frequent.

2. The results indicated that concentrated disadvantage and percent voting Republican are associated
with Whites’ views of Black criminal threat and perceived threat of Black-on-White crime.

3. The findings showed that the effects of lynchings on perceived Black criminal threat and perceived

threat of Black-on-White crime are stronger in disadvantaged counties and in counties where the percent
voting Republican is greater.

21



Description of Measures




Appendix A




Peer Panel Document
Re: Eric Stewart

#12



DocuSign Envelope ID: BB06844F-A2C0-4B50-9CD2-3FB6C55E7858

FLORIDA STATE UNIVERSITY

OFFICE OF HUMAN RESOURCES

Investigatory Interview: Eric Stewart

Date: April 11, 2022

Attendees:

Rebecca Peterson- Faculty Relations, Associate Director
Eric Stewart, Professor

Thomas Blomberg, Dean, Criminology

What is your role at the University and how long have you been employed?
Professor of Criminology and been employed 15 years.
What courses do you teach? What is your area of research?

Research methods and Statistics, Violence in America, Serial Killers, Victimization, American Homicide,
Intro to Criminal Justice, Gangs and Society, Cyber Crime and Victimization, Homeland Security and
Terrorism, Private Security, and The Nature of Violence are courses | teach. My research areas include
Neighborhoods and Crime, Social Context and criminal justice outcomes, and Crime over a life course,
Crime trends. Trying to understand how context (counties, neighborhoods, and schools) relates to
criminal outcomes (offending, victimization, arrest, incarceration, punitive attitudes, and suspensions).

What is your training in statistical analysis?

Pretty extensive as far as social science is concerned. My statistical training began with my master’s
degree and continued post-doctoral degree.

Are you familiar with FSU Policy 7A-26 Research Data Management? What is your understanding of
your responsibility as a researcher in data collection and retention?

After a certain amount of time, typically three years, | retain data that long and then | purge the data but
maintain data records. If FSU had a policy beyond that, | wasn’t familiar with it. In some cases with
restricted data that | use, | don’t keep data longer than two years past the project period because of the
sensitive nature of the data; but | would maintain data records. | typically stored data and data records
on my university issued, password-protected laptop computer. Given the varying data management
protocols for the multiple sets of data that | worked with, | self-imposed stringent rules for securing the
data (i.e., use of a password-protected computer; computer was not connected to a network; data was
not stored on a separate storage device; files were not backed up [stored] on a “cloud” server; paper
records were purged within the requisite time frame).

What is the industry norm for keeping data analysis information related to publications? How long
should data be kept?

Yes, you want to maintain data and records for some period of time. The exact period of time is not
clear because it depends on the type of data (restricted versus not restricted) one is using and the
procedures set forth by the individual or agency supplying the data.

It was reported that there were concerns regarding several of your publications which prompted an
inquiry from the Office of Research. When did reports regarding your analysis or data first surface?
What were the concerns?

| believe it was in 2019. It could have been April or so but it was in 2019. The concerns were that some
of the binary standard deviations were not correct. The regression coefficients were too stable in our
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multilevel models and there weren’t enough zeros in the third column past the decimal place. | took the
values out three decimals places. But there weren’t enough zeros in the third column—I don’t know
what that means. The argument is that there should be a random number of zeros in regards to the
coefficients. So to them they went through and counted all the zeros and there weren’t enough. The
critics are prescribing how digits should be distributed based on perfect conditions of data collection
with no refusals or over sampling. This argument is not realistic.

Were there allegations of falsification of data?

Yes, that was raised as well. The other issue that was raised is that there were too many cases from the
South and that was not possible. The samples were also overrepresented White and overeducated
respondents. There were also criticisms that “nobody would provide free data to me”. That was related
to questions about how | could have that data.

How many official inquiries have you had from the Office of Research and what were the approximate
timeframes of the inquiries?

There were three inquiries (1999, 2020, and 2021). The individuals kept making allegations and blowing
small things into large issues. The allegations were made based on inaccurate information.

In October 2019, you and your co-authors requested withdrawal of five research publications. Why
did you make this request?

Once the critics pointed out concerns, | went back into the data and saw that there were issues but not
the issues that the critics brought forward. We made corrections to 2 of the 5 papers and the
corrections were accepted by the journals. We were in the process of making corrections to the
remaining three papers. Before we were able to complete the corrections for remaining papers, these
critics raised more concerns. They said that it wasn’t possible to observe the results we did with regard
to income despite us providing data records showing that our findings were possible and correct. At this
point, the critics had posted their objections to various social media boards which created a firestorm of
negative reactions (despite) the critics being incorrect in their assessments. After talking with the Dean
and my co-authors, we made the decision to withdraw the papers due to the errors in the manuscripts.
There were merging errors. One of the issues that arises when using historical data is that some
contemporary counties didn’t exist in the 1800s and early 1900s. For example, prior to 1824, Leon
County was combined with Escambia and Gadsden. So prior to 1824, where would contemporary data
for Leon County go? These are the kinds of decisions we had to figure out because historically Leon
County did not exist. That is only one example but these were the kinds of decisions we had to address
across hundreds of counties. Additionally, there were some errors | made with placing maybe 100 or
more individuals in the south instead of the mid-west. Specifically, | inadvertently had Kansas and
Missouri coded as being southern. This was one of the issues but we corrected it and the pattern of
results didn’t change. Another issue was merging some of the data. | merged maybe 8 or so data sources
and that’s a lot to merge into a single dataset. We found some issues there as well. The merging errors
still didn’t make any difference in the results. In all the errors we found, the findings didn’t change. This
was for the lynching papers and as well as the other papers we were making corrections on. Our results
were consistent with prior research. All the papers | made corrections on, the general pattern of the

findings didn’t change.

Why did your co-authors request withdrawal of five of the publications?
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After we talked about, we agreed maybe this was the best route. Initially, we were like maybe we should
keep fighting this but ultimately we agreed to withdrawal.

In undertaking the analysis of the data for the five papers, did you have anyone review your analysis
or methodologies in analyzing the data?

| shared the analysis with all the co-authors. Sometimes | showed them the output and sometimes | put
the results in tables. We talked about different ways to run the statistical analysis. It also depends on
what questions we are trying to answer. For each paper, we worked as a team to develop ideas,
determine proper methodologies, discuss analyses and findings, and more.

In responding to inquiries regarding these papers, what coding analysis errors did you discover?

Let’s say you have a data set and it has individuals and their “attitudes.” I'm Interested in examining the
way broader context (neighborhoods, schools, and counties) influences those attitudes. In this case,
does context influence punitive attitudes? The dataset doesn’t necessarily have all of the contextual
information added to it. It may have the address or county names for where the sampled individuals
live. We have to connect the corresponding contextual information to individuals into a single dataset.
We use FIPS codes to connect and merge contextual and individual data into a single file. | merged crime
rates, poverty rates, voting data, race and ethnic composition, and other factors to the individual data.
The same process was used for lynching. The lynching was a little trickier because if the contemporary
county didn’t exist you had to use clusters of data. Let’s say Leon didn’t exist but you had Gadsden
county. Where does Leon County values go? These are some of the challenges in trying to link clusters of
historical data with current counties and data that can lead to coding errors. This is further complicated
because an adequate number of individuals are needed across counties to make meaningful inferences.
To conduct this type of analysis and ensure that there are enough people within the county, researchers
would create county clusters using U. S. Census County Adjacency File which allows adjacent counties to
be collapsed into a larger meaningful county clusters and averages 3-8 counties per county cluster. This
is another process | used but | didn’t describe the entire process because of limited journal space.
Creating county clusters can lead to coding errors because a neighboring county can be merged in
multiple clusters.

The Office of Research requested that you develop five chronologies regarding the five withdrawn
publications. Did you provide the requested information?

| did provide it.
What about the data from the five publications?

In December 2019, | lost the data and data files for those analyses when my university-issued
computer’s hard drive crashed. | told our IT person that | was having trouble with my computer. When
the IT person attempted to repair my computer, he informed me that the hard drive crashed and he was
not able to recover the data from the drive. The college bought me a new hard drive.

In January 2021, a publication (2003) was retracted by the Justice Quarterly (without your request).
What was the publication and why did the journal retract the paper?

There was a complaint that there was no way | could have the sample size and the number of schools
that | reported and that | coded the urban variable incorrect. The anonymous person raised the
complaint to the journal and the FSU Research Office, | responded that it was possible to do what | did.
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However, with the attention that it got, the journal’s publishers opted to retract the paper, even though
| showed that it was possible to obtain the dataset | used in the paper. | was also able to replicate most
of the pattern of findings | reported. The journal publishers acknowledged that there was no research
misconduct, yet decided to retract the paper. | didn’t think it should have been retracted but it was. That
data | was using almost 21 years ago came on a CD. The National Educational Longitude Survey. Kids
were interviewed from middle school through high school. | used those data when | was a graduate
student and into my first job. A number of things have happened since that time. They had to make
corrections to the data (not my data set). The number of individuals per school that | used at the time
the analyses were conducted aren’t acceptable now. Certain methods are no longer used. Part of what |
was up against was trying to convey to the journal that the analytical decisions used 20 years ago were
standard/acceptable at the time. It wasn’t the editors that made the decision, it was the publishers. |
was able to replicate what | had in the article fairly closely. Again, not everything was as precise. In my
replication, | was able to get a better sample than | did 20 years ago.

Did you provide the journal with the requested information? What happened to the data?

The data were publicly available. | had to rebuild everything. Yet, | provided the journal with the data
codes and syntax. | also provided that information to the research office. With regard to my original
analyses, | would have purged the original data because it was over 18 years. Now you can get the data
off the website.

During a review of your publications by the Office of Research due to allegations of research
misconduct, it was report that there were more issues raised about potential errors in the reporting of
data in 11 additional papers between (2006-2019). What were the allegations?

There were problems with the standard deviations, they were supposedly off by a couple points for
some of the binary variables. In a couple cases, the complainant was wrong which the committee
pointed out. In one of the papers, | wasn’t responsible for the analysis. In each case, it’s the binary
variables or making a variable binary. Let’s say there is a variable that has five categories (as an
example), maybe marital status. Often we might collapse those four or five categories into two
categories. In some cases, there may be have missing data and | used a missing data technique that’s
regression based. It was reported that there were errors in standard deviations, and that was on me.

These errors wouldn’t impact the findings. The same was noted in the inquiry committee’s conclusions
by the selected statisticians.

Have the 11 papers with additional concerns been withdrawn?

No, they are still active. The errors that were pointed out are so minute | was actually shocked that this
was such a big issue. If that’s the case, there would be hundreds of papers retracted. | know with all the
controversy that is attached to me that it gets elevated.

Were you able to provide the data for the inquiry committee to review? Why not?

No. The data for the 11 papers were restricted and on my hard drive that crashed. Additionally, some of

the publications were more than three years old. In some cases, the papers were 10 years old. | wasn’t
able to retain data that long.

Is it accurate that in June of 2019 one of your co-authors sent FSU concerns about your publications?
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Yes. That would have been Dr. Justin Pickett. He didn’t trust the data and he believed I falsified the data.
His role as a coauthor was minimal. He provided voting data and that was it. | brought him on the paper
as a favor. He was previously my TA and | was trying to help my student out at the time.

When did you lose your data?

For that paper that Dr. Pickett had concerns about, that paper was published in 2011. | lost data in
December 2019.

Did you take steps at that time to ensure your data was backed up?

Yes it was backed up on my laptop. | just kept it on my laptop so it wasn’t stored anywhere else. | had
never had any issues with storing data on my secured, password protected computed. I'v had files on
external drives before and they have failed, | just kept it on my laptop. | felt that once we made
corrections everything would be rectified.

Between June 2019 and December 2019, were you aware that you would need to ensure data was
available to be reviewed if an investigation was initiated?

Yes, correct. In the inquiry process, the committee did ask for data records. | turned over all of the data
records and output files that the Inquiry Committee requested. | was told that the Research Office
would maintain the information | provided for seven years. So | thought | was squared away on that
front. Also, I still had the data on my computer as | was making corrections.

It has been reported that the Office of the Inspector General at the National Sciences Foundation has
initiated an investigation relative to NSF grant #1023337 that was awarded to FSU (2010-2012) and
you served as Principal Investigatory? What is the focus of their review and what is the status of that
investigation?

| have no idea. They contacted me and what | gather is that they were not happy with FSU’s response.
They asked FSU for materials and then they came to me to let me know what was going on. This would
have been in July of 2021.

The reviewers in the most recent inquiry indicated that the reported errors in analysis were not solely
the result of occasional rounding, transcription, coding, or other random errors, but that you were
making systematic errors in your analysis. Is this accurate?

That is accurate. While there were possible transcription and other random errors, the misspecification
of a dichotomous measure can be a systematic error. One of things | didn’t know years ago is that when
using regression techniques to deal with missing values, if one doesn’t specify whether the measure is
dichotomous or not, it can create an error. When | learned the technique a number of years ago, it
wasn’t an issue. We all learned it the same way. | can assure you that most people don’t know about this
specification.

Do you have any additional information you would like to add?

No, | would just acknowledge that | made errors that were determined by a number of inquiry groups to
be insignificant to the findings of the research and, most importantly, not research misconduct. | should
have been more detailed in how | presented information. This has been a tough and trying process for
me and my family.
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Eric Stewart Research Review

Overview

There has been a growing interest in developing techniques and applying different strategies to identify
problematic research. These approaches are typically quite straightforward, can be calculated/applied
relatively easily, and are excellent at differentiating problematic research from nonproblematic
research. Below is a description of some of these techniques and how they are useful in identifying
erroneous findings. Each of these indicators in isolation is accurate at detecting erroneous research, but
when more than one is used in combination, then the overall accuracy of detecting erroneous research
is increased. To err on the side of caution, the following analysis focuses on multiple indicators of
problematic research and then applies these indicators across a number of Dr. Stewart’s articles to
determine whether the studies appear to be incorrect and/or problematic. In situations where the
violation was likely to have occurred, but could not be determined with complete confidence, it was not
coded as a violation. Last, not all of the indicators could be assessed in each of the articles. For
example, those publications where descriptive statistics were not provided, it was not possible to check
the standard deviations for accuracy.

Benford’s Law

Benford’s law captures the logarithmic distribution of the first digit, but an extension of this law has
been used to help identify results that are likely due to incompetence. Specifically, the terminal digit
(i.e., the last value reported in a decimal) has been shown to be uniformly distributed. What this means
is that there should be relatively equal numbers of all values (i.e., zero through nine, each occurring
about 10% of the time), but research that has been shown to be incorrect has deviated from this
pattern. Specifically, there are certain values (e.g., zero) that are not used as frequently by incompetent
researchers. So, it is relatively easy to examine the terminal digit and see whether the values deviate
from a uniform distribution. If they do, then this would be a red flag of potentially problematic
research. This approach has been used widely to identify erroneous data as it is straightforward, easy to
calculate, and one of the most accurate tests for problematic research.

Incorrect Standard Deviations
Another approach to identify problematic research is through the estimation of standard deviations for
binary variables. The equation for the standard deviation for a binary variable is straightforward.
Specifically, the equation for the standard deviation with binary variables is as follows:

SD = /(N/J(N—1)xP(1-P)
This equation can easily be estimated as long as the sample size (N) and the mean/proportion of the
sample coded as “1” is provided. Problematic research is frequently detected by applying this equation
as incompetent researchers frequently report standard deviations that do not conform to this easy-to-
estimate equation.

Stability in Coefficients and Standard Errors

In social science research (including criminological research), the most widely used approach to
analyzing data is some type of multivariate statistical modeling. Put simply, multivariate modeling
allows for the estimation of an association between two variables (e.g., X and Y) while holding constant
the effects of other variables (e.g., W). This approach is useful as anytime there is an association
between X and Y, then it could be explained by other variables (e.g., W) that covary with them. By
including controls for these other variables (e.g., W), then it allows for a more accurate estimation of the
true nature of the association between X and Y. What is important to realize is that if the association
between X and Y is first estimated and then in a subsequent model additional variables (e.g., W) are
introduced and those additional variables overlap with X and Y, then they will change the association
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between X and Y. This change could be small and relatively insignificant, or it could be large and
produce very different results.

For example, suppose the bivariate association between X and Y is found to be r =.20. Thenina
subsequent (multivariate) model another variable, W, is introduced into the statistical equation. If W is
related to X and Y (and this would be the a priori reason for including W; if W is unrelated to X and Y,
then there is no mathematical reason to include it in the statistical model and it can be eliminated from
the equation), then the correlation between X and Y will likely change. In this case, perhaps it will drop
to r =.18. Typically, as more variables are entered into the equation, the greater the probability that it
will affect the association between X and Y.

The association between two variables is partially a function of the coefficient (i.e., the value reported;
in this example, the coefficient would be “r” or the correlation) and what is known as the standard error
(the standard error was not provided in this example). Tests of statistical significance (for the coefficient
measuring the association) are determined by dividing the coefficient by the standard error. So, the
larger the coefficient in relation to the standard error, the greater the probability of detecting a
statistically significant association. The key point to bear in mind, though, is that coefficients and
standard errors typically change across models as additional variables are introduced into the models.

An additional point is important to make. Oftentimes researchers are interested in examining what is
called an interaction. Interactions (from a statistical approach) are created by examining whether the
effects of two variables (say, X and Q) predict an outcome (say, Y). Usually, to test for interactions, an
additive model is first calculated that simply examines whether X and Q would have independent
additive effects on Y. Then, the interaction term is introduced (which is created by multiplying X and Q
to create a new term, XQ). The interaction model thus includes X, Q, and XQ. Since XQ is a
multiplicative function of X and Q, the coefficients and standard errors generated in the additive model
for X and Q typically expand greatly in the interaction model. Indeed, there are debates on how best to
deal with the “explosion” of standard errors that often results when comparing an additive model to an
interactive model. (This is the result of what is known as collinearity or multicollinearity and is often
viewed as a problem in multivariate research and should always be evaluated prior to estimating
multivariate models. In interactive models, though, collinearity is a known problem because XQ is highly
correlated with and a mathematical function of X and Q. As a result, the best way to deal with
collinearity in interactive models is debatable [e.g., through mean centering, doing nothing, etc.]. What
is important to underscore, however, is that the coefficients and standard errors in interactive models
become more unstable and thus coefficients and standard errors are expected to change between the
additive model and the interactive model. If they do not, then this would be a red flag for potentially
problematic research and erroneous results.

In situations where the results of a series of multivariate models are presented, it is possible to examine
whether the coefficients and standard errors fluctuate across the models. For the most part, it is typical
to see coefficients and standard errors change across models, sometimes drastically and other times
relatively little. However, it would be a statistical anomaly to see complete stability in coefficients and
standard errors across multiple models where additional variables are introduced into those equations.
And, it would be impossible to achieve stability in coefficients and standard errors when comparing
additive models to interactive models. If the coefficients and standard errors are found to be extremely
stable across models, then this would be a cause for concern and a potential indicator of an
incompetent researcher estimating the statistical models.
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Other Indicators, Errors, and Irregularities

There are a host of other errors and irregularities that have been shown to cut across Dr. Stewart’s
publications. For example, p-values associated with tests of statistical significance for coefficients
should be uniformly distributed, but in some of his studies they deviate drastically from this distribution.
Moreover, in several of his papers there are errors in bivariate hypothesis tests, problems with the
sample sizes, and issues with descriptive data. These errors and irregularities cannot be the result of
coding and/or rounding errors as they are impermissible solutions when compared to other values
reported within his studies.

Summary

A single study having even one of these indicators of incompetence would be a significant cause for
concern that warrants additional scrutiny. Indeed, a thorough search of the literature has failed to
uncover any instances of where a study having one of these indicators was later cleared of any
problems. Having multiple problem indicators would be about as clear of an indication as possible that
the study under question contains significant errors and impossible solutions, indicating the work of an
incompetent researcher.

As Table 1 makes clear, sixteen (16) of Dr. Stewart’s studies were found to have problematic indicators.
These problematic indicators were found across numerous articles and span at least 17 years of his
academic career, including the entire time he has been employed as a faculty member in the College of
Criminology and Criminal Justice at Florida State University. These were no errors that could be
explained away by human error or analytical decisions as they were detected across multiple studies
using different data and that employed a variety of methodological and statistical approaches. In short,
the problematic indicators were found to be pervasive in his studies, were not confined to just a single
problematic indicator, and were detected across a lengthy stretch of his academic career providing
compelling documentation of flagrant research incompetence.
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Table 1. Summary Table for Indicators of Impossible Results and Erroneous Statistics across Multiple
Stewart Articles

Year Benford’s Law Standard Deviation Stability in Coef./SEs Other Indicators

2003' X
2004"
2006"
2006" X
2009
2010"
2011V X
2012viii
2013% X
2015*
20177
20177
2018Xiii
2019*
2019%
2020

>

< <
X X X x X X X XXX X
< <
<

xX X X X
x X

>

>

Notes:

SE = standard error;

X = violation observed

@ = corrected this error after initial online publication
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Overview

Identifying problematic research can be difficult, but relatively simple techniques have been
developed that can be used to help isolate studies that should be “red flagged” and that
warrant additional attention. The key point to remember—and one that is often lost—is that
these techniques focus on within-study anomalies or peculiarities. That is, there are certain
patterns in results that should be consistent within each study. If those patterns are not
observed, then systematic errors are a likely explanation. This is different than between-study
results wherein the results of one study may be quite different from the results of another
study. For the most part, between-study differences provide virtually no information about
errors as those differences can be due to any number of legitimate reasons. So, the focus is
largely on within-study patterns when examining studies for systemic errors.

In addition, another issue with trying to identify problematic research is that the data are not
available for examination (either because the data cease to exist or because researchers do not
want to provide the data employed to create their questionable results). Without having
access to the data, it would seem quite difficult to determine research that is valid versus
research that is not. Again, however, researchers have identified relatively simple tactics that
focus on within-study patterns of results that assist in identifying potentially problematic
research. These simple tactics do not require having the actual data and thus are used widely
when trying to determine whether a study is indeed questionable.

One of the most common ways to identify problematic research is through the estimation of
standard deviations for binary variables. The equation for the standard deviation for a binary
variable is straightforward and can be calculated when other descriptive information is
provided. Fraud-detection researchers have used this simple test widely as research that has
been shown to be questionable consistently reports standard deviations for binary variables
that are incorrect. The only reasons standard deviations would be incorrect is through 1) a
human error in reporting the standard deviation (e.g., incorrectly copying the value from
output to table) or 2) creating false values intentionally. When multiple standard deviations are
reported incorrectly, then it is either because of research incompetence or intentional
misrepresentation.

The second straightforward approach to identifying potentially problematic research is by
applying what is known as Benford’s Law. Put simply, Benford’s Law states that 2" and 3™
digits beyond a decimal should be uniformly distributed. What that means is that there should
be approximately the same number of zeroes, ones, twos, threes, fours, fives, sixes, sevens,
eights, and nines of the last reported digit in a decimal. Researchers with problematic data and
results typically stay away from certain values when reporting results (especially zeroes). This
has been shown in research time and again. As a result, by simply tallying the values in the last
digit place reported (usually the 2" or 3™ digit is reported), it is easy to determine whether the
pattern of values corresponds to what would be expected (relative uniformity in values).
Deviations from a uniform distribution have been shown to be quite a strong indicator of
problematic research.
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These detection techniques are by no means the only ones available, but they are two of the
most widely used and easiest to calculate. Studies that are flagged after using these techniques
are typically viewed as warranting additional attention and scrutiny. Sometimes additional
errors and anomalies are uncovered and oftentimes the data (when available) are analyzed to
determine whether the results can or cannot be replicated.

Point-by-Point Responses (talking point) to Dr. Stewart’s Answers to the Interview Questions.
What is your training in statistical analysis?
Answer: Pretty extensive.

Talking point: What is meant by pretty extensive. This is a vague response that tells nothing
about Dr. Stewart’s training in relation to the statistics that he used and his ability to manage
data and create large-scale datasets. If his training in statistical analysis was extensive, then
there is no way that he would have created the errors that he did in his studies. Calculating the
standard deviation, for example, is something that is taught in middle and high schools and yet
he repeatedly miscalculated and/or misreported the standard deviation. If he is unable to
estimate the standard deviation correctly, then serious concerns should be raised about his
competence to estimate other, more advanced statistical techniques.

Are you familiar with FSU Policy 7A-26?

Answer:...In some data that we use, we don’t keep it longer than two years because of the
sensitive nature.

Talking point: Data are typically retained forever and whether data are considered sensitive is
irrelevant. All data are considered sensitive and data that contain extremely sensitive data do
not have requirements on length of keeping the data, but rather with how the data are housed
and stored. Typically, sensitive data are password-protected, housed on computers without a
connection to the internet, and use programs and other techniques to avoid the data being
accessed by unauthorized users. For someone to say that data are only retained for a couple of
years is completely misleading. It can take years for data to be collected and it can take
decades for the data to be thoroughly analyzed and studies published from it. It would be
difficult to find any criminological sample that was completely erased after any amount of time
let alone two years. Dr. Stewart should be well aware of these practices as he has worked
extensively with the FACHS data, data that were collected in 1996 and that he still analyzes in
his own research. Moreover, during his time as a graduate student, the FACHS data were being
collected by his major professor (Ronald Simons) and so he would have had experience with
handling sensitive data and how to retain it.
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It was reported that there were concerns regarding several of your publications which
prompted an inquiry from the Office of Research.

Answer: His response focused on zeros in the coefficients which he claimed he did not
understand.

Talking point: This is Benford’s Law. Dr. Stewart’s research studies were found not to conform
to Benford’s Law which is one of the most salient red flags for potential problems. Keep in
mind, that it was not just one of his studies that did not conform to Benford’s Law, but almost
all of them that are in question. Moreover, he seems to downplay this concern by saying that
there were not enough zeroes and that he took the coefficients out three decimal places. First,
incompetent researchers typically shy away from including zeroes so when Benford’s Law is
violated and the violation has to do with a deviation for zeroes (rather than any other number),
then this is even a bigger signal that something is wrong. Second, carrying out the values three
decimal points has nothing to do with the pattern of results as Benford’s Law is more applicable
to the 2"¥ and 3™ digit than the first. And, last, Dr. Stewart is incorrect in noting that there
should be a random number of zeroes in regards to the coefficients. There should not be a
random number of zeroes, but rather a uniform number of zeroes according to Benford’s Law.
His research did not have a uniform number of zeroes indicating a deviation from Benford’s
Law. His responses demonstrate his research incompetence.

Were there allegations of falsification of data?

Answer: Yes, that was raised as well. There were too many cases from the South and that was
not possible and that “nobody would provide free data.”

Talking point: This is not entirely true or at least taken out of context. Once red flags were
raised about potential problems due to standard deviations being incorrect and deviations from
Benford’s Law, a more critical analysis was undertaken. During this investigation additional
areas of concern were raised. One of these concerns was with the sample sizes across the
different geographical errors. Another was that collecting large datasets is expensive and there
has to be some type of funding source in order for the data to be collected. So, it was not that
nobody would provide free data (free data are provided all of the time; search the ICPSR
website), but rather that collecting data is expensive and so without a funding source data
would likely not be collected on a large-scale (or even small-scale) basis. Not having a funding
source for these data raises additional concerns over the existence of the data and how they
were collected without funding.

In October 2019, you and your coauthors requested withdrawal of five research publications.
Answer: Merging errors.

Talking point: Merging errors do not create within-study anomalies that are used to detect
problems. Merging errors might lead to incorrect findings and be indicative of between-study
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differences. Also, Dr. Stewart’s explanation suggests that this was not a merging error, but
rather an error in his decision on how to code/classify south versus Midwest. According to Dr.
Stewart, once he corrected his classification error, the results did not change. It would be
interesting to see the actual data as multilevel models (which he used) are not always stable
when moving people from one region to another. Attributing his classification error as a
merging error is really deceptive for those who are trained in statistics. Merging errors can
occur because of a software malfunction that is no fault of the researcher (though it is the
researcher’s job to check to make sure that a merging error did not occur). In this case, the
error that Dr. Stewart created was of his own doing and through classification decisions that he
made again documenting incompetence..

Why did your coauthors request withdrawal of five of the publications?

Answer: We agreed this was the best route.

Talking point: Any researcher in this situation would turn over their data and allow others to
see what they did, how they did it, and whether what they did could be replicated. All that
needed to be done was to release the data. Agreeing to five retractions when Dr. Stewart
stands by his findings and data is beyond comprehension for any researcher.

Did you have anyone review your analysis or methodologies in analyzing the data?
Answer: | shared the analysis with all the coauthors by showing the output and tables.
Talking point: Showing output and tables is not showing the data. Output can be edited and
the output provides the tables. It would be considered extremely odd that none of his
coauthors ever saw the data and that they only were provided with output and tables. Again,

no responsible and competent researcher would withhold data from co-authors.

In responding to inquiries regarding these papers, what coding analysis errors did you
discover?

Answer: He does not answer the question.

Talking point: He did not answer the question. So, he allowed five papers to be retracted even
though he did not identify any coding errors? This makes no sense. He makes it seem as
though he did not fully describe his coding process which is true, but that is not an error and
that is not a reason for a retraction. Again, another example of incompetence.

What about the data from the five publications?

Answer: | lost the data file for those analyses that was destroyed on my laptop.
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Talking point: Deleted files can be recovered and there are programs available that allow for
files to be recovered from hard drives that crash. Forensic approaches are extremely effective
in recovering files. A data file that is “lost” while it is under investigation is particularly peculiar.
Three outcomes are potentially possible. First, the data could have been lost (least likely
explanation). Second, the data may have never existed. Third, the data existed in some format
but were destroyed to prevent others from accessing them. This latter possibility is bolstered
by the fact that Dr. Stewart asked a colleague about a data-eraser program that deletes
temporary data/files/backups from computers that analyze restricted-use samples. This request
for a data-eraser program can be validated by the faculty colleague who was asked about data-
eraser programs.

In January 2021, a publication was retracted by the Justice Quarterly. What was this
publication and why did the journal retract it?

Answer: Dr. Stewart noted that the sample sizes and number of schools was incorrect and that
certain methods were no longer used.

Talking point: The issue of sample size is straightforward and is easily checked. It was checked
by Justice Quarterly and did not match Dr. Stewarts’ sample size. Dr. Stewart mentions that
certain methods are no longer used. What are those methods? Methods are not typically
discarded and not used anymore. Certainly newer approaches might be introduced but that
does not make the previous methods obsolete. Being vague and imprecise allows him to create
a moving target where he cannot be pinned down on any specifics. He also notes that he was
able to replicate what he reported and that he was able to get a better sample. If he replicated
the results, then it would be odd that the journal would retract it. In addition, how would he be
able to get a “better sample.” These data are secondary and thus the sample would be
provided to him and he would have no bearing on the quality of the sample. His response is
completely misleading and again shows research incompetence.

Did you provide the journal with the requested information? What happened to the data?
Answer: | would have gotten rid of the original data because it was so many years ago.
Talking point: Deleting data where it is not required is unheard of and not a best practice.
There is always the possibility that questions might be raised about a study or that another
study will be published off the original data. This answer is at best alarming and another
example of incompetence.

Were you able to provide the data for the inquiry committee to review? Why not?

Answer: Some of the publications were more than two or three years old. | wasn’t able to
retain data that long.
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Talking point: This makes no sense. Data are usually retained for decades (or longer). After
collecting data, a researcher typically publishes from that sample and can analyze the data as
part of their career for decades. Two or three years in terms of publishing is a blink of an eye
and really unheard of — once again demonstrating incompetence.

When did you lose your data?

Answer: For that paper that Mr. Pickett had concerns about, that paper was published in 2011.
| lost the data in December 2019.

Talking point: Dr. Stewart continuously states that he deletes data after 2-3 years. Yet, here, in
his own words, he retained the data for at least eight years. He only lost the data after he was
being investigated and after he was being asked to provide the data. Very troubling at the
least.

Did you take steps at that time to ensure that your data was backed up?

Answer: Yes, it was backed up on my laptop. I've had external drives before and they have
failed.

Talking point: Keeping data on a laptop is not backing it up. Backing up data means that it is
kept in multiple places. Dr. Stewart had previous problems with failing drives and so he should
have been acutely aware of the importance of keeping the data in multiple locations. Itis a
best practice to have the data stored on a work computer, a cloud drive, and an external hard
drive when legally permitted. There does not appear to be any legal impediments to Dr.
Stewart keeping his data in multiple places. Having data in only one place is absurd and
virtually unheard of today. Again, this failure to adequately backup his data further documents
incompetence.

Between June 2019 and December 2019, were you aware that you would need to ensure data
was available?

Answer: Yes, | turned over materials and records to them.
Talking point: Dr. Stewart did not turn over the raw data. He turned over some output and
some other information, but not the data. Had he turned over the data, then all of this would

have been resolved quickly.

The reviewers in the most recent inquiry indicated that that the reported errors in analysis
were not solely the result of occasional rounding... Is this accurate?

Answer: That is accurate. One of the things | didn’t know when using this technique is you have

to specify whether the variable is dichotomous or not. If you don’t, then it can create an error.
| can assure you that most people don’t know that.
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Talking point: This is only partially true. With multiple imputation (MI) which it seems that he is
talking about, dichotomous variables must be specified. However, this is actually built into the
programs and it makes you specify whether the variable is dichotomous. The equations for Ml
make this clear. Even if (for some reason) the researcher did not specify that they were
working with a dichotomous variable, it is unlikely that it would produce significant errors in the
values. Plus, it should still create within-study consistencies that would not be red-flagged
when fraud-detection techniques were applied to the study. Last, anyone using Ml knows (or
should know) that dichotomous variables have to be specified. This would be taught in any
intro class, book, or article dealing with Ml and it would be inherently built into the software
used to calculate it. Again, documentation of incompetence.

Conclusions

At every step in the research inquiry and investigation process, Dr. Stewart’s studies (in
guestion) have been red-flagged. Upon closer inspection, they have been found to have even
more signs of errors and misrepresentations. When pressed to provide the data, Dr. Stewart
failed to give the raw data to his coauthors. In short, nobody has seen the raw data. Before
FSU was able to access the data, Dr. Stewart lost the data on his laptop and any backups of it.
According to Dr. Stewart, it is his policy to retain data for 2-3 years (though his own actions
contradict this practice). What is interesting is that all researchers—especially those who have
pretty extensive training in statistics—use (or should use) what is known as syntax for their data
creation, data management, and statistical analysis. Syntax is a written language of commands
which provides a written step-by-step notation of all decisions made during the research
process. This allows for a quick way to remember what was done and it also allows for the
analyses to be reestimated with a click of the keyboard. Moreover, syntax is not considered
sensitive so it can be publicly disseminated without violating any data-protection rules/laws
governing sensitive data. Even if Dr. Stewart had lost his data, he should have had his syntax
available that would have allowed him to recreate his dataset and analyses within a relatively
short period of time.

Prepared by: Dean Thomas Blomberg Date: 10/6/2022
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THE FLORIDA STATE UNIVERSITY
OFFICE OF THE PROVOST

March 10, 2023

Dr. Eric Stewart
College of Criminology and Criminal Justice
Florida State University

Dear Dr. Stewart:

This letter serves to officially notify you that Florida State University (FSU) intends to terminate you
from your position of Professor on or after March 30, 2023 for incompetence and negligence in the
performance of your duties. This action is based on the facts outlined below:

Beginning in May 2019, concerns were raised regarding data irregularities for several published papers
for which you were cither the lead author or co-author. When concerns about the papers were
originally raised, they were accompanied with allegations of data manipulation, data fabrication and/or
fraud. In October 2019, you and your co-authors voluntarily requested withdrawal of five research
publications from the journals of Criminology, Social Problems, and Law and Society Review. These
articles included:

1. Johnson, B. D., Stewart, E. A., Pickett, J., & Gertz, M. (2011). Ethnic threat and social control:
Examining public support for judicial use of ethnicity in punishment. Criminology, 49, 401-441.

2. Stewart, E. A., Mears, D. P., Warren, P. Y., Baumer, E. P., & Arnio, A. N. (2018). Lynchings,
racial threat, and whites’ punitive views towards blacks. Criminology, 56, 455-480.

3. Stewart, E. A., Martinez, R., Baumer, E. P., & Gertz, M. (2015). The social context of latino
threat and punitive latino sentiment. Social Problems, 62, 68-92.

4. Stewart, E. A,, Johnson, B. D., Warren, P. Y., Rosario, ]. L., & Hughes, C. (2019). The social
context of criminal threat, victim race, and punitive black and latino sentiment. Social Problems,
66, 194-221.

5. Mears, D. P., Stewart, E. A., Warren, P. Y., Craig, M. O., & Arnio, A. N. (2019). A legacy of
lynchings: Perceived black criminal threat among whites. Law & Society Review, 53, 487-517.

Your communications with the three journals regarding the withdrawals indicated that the decision to
withdraw the five publications came from all the co-authors. You further indicated that because you
were responsible for the data and analyses for the five publications you took the lead in responding to
the allegations of data manipulation, data fabrication, and/or fraud. You ultimately drafted and signed
the requests for withdrawals of the five papers: On October 24, 2019, you sent a request to Criminology
retracting two articles and a request to Law and Society Review retracting one article and on October
25, 2019, you sent a request to Social Problems retracting two articles. In three withdrawal letters,
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while denying any fraud, you admitted that numerous analyses errors had occurred, warranting
withdrawal of the papers; specifically, you stated:

“Contrary to assertions in social media and other online outlets, there was no falsification, fabrication, or
other fraud associated with these papers or others that relied on the public opinion and contextual data.
However, questions have been raised about the data and results reported in these papers. 1 have taken the
lead in responding to these questions because I undertook the analyses, but this request for withdrawal comes
Sfrom all of the co-authors. In the course of responding to the questions, it became clear that the analyses errors
that included coding mistakes and transcription errors, exceed what the co-authors and I ultimately
concluded as acceptable for a published paper. For this reason, on behalf of the co-authors, I request that
the papers be withdrawn.”

On January 21, 2021, the Editors and Publisher of Justice Quarterly retracted your sole-authored 2003
paper, published while you were at Georgia State University (GSU):

Stewart, Eric A. 2003. School social bonds, school climate, and school misbehavior: A
multilevel analysis. Justice Quarterly 20:575-604.

The journal’s published retraction commentary explained the unilateral retraction as being based on
errors in the article and the inability of referees to replicate the results, casting doubt over “the
reliability of the results and conclusion” and specifically read, in relevant part: “In response to concerns
raised about this article, the Editors and the Publisher provided the author with the opportunity to respond
to the questions raised about this article, and commissioned a review by three independent referees of the
original article and the author’s response to the concerns.

The independent review concluded that some of the concerns raised about the article could possibly be
attributed to analytic and coding decisions, but due to possible errors in select analyses, as well as the inability
of the referees to replicate the article’s exact sample and models, there was doubt cast over the reliability of
the results and conclusions in this study. For this reason, we have made the decision to retract the article.

The author has been informed of this decision.”

In addition to these six retracted articles, concerns were also raised regarding potential reporting of
datain 11 additional papers authored by you. Per ESU Policy (7A-2) regarding misconduct in research,

ESU charged an Inquiry Committee to conduct an initial review regarding these additional 11 papers
to determine if a full Investigation was warranted. You informed the Inquiry Committee that the data
for these papers had been cither lost in a hard disk crash or that the data were no longer available
because you routinely delete your data within two to three years because of its sensitivity. However,
in the interview you also stated that on occasion you had kept some data nine years, which seems to
contradict the other information you provided to the Inquiry Committee. Because of your negligence
in backing up your data, that data were no longer available and, therefore, FSU was unable to provide
a comprehensive review of the allegations regarding the 11 additional articles in order to determine if
there were falsifications, misrepresentations, and/or fraud (see References for full citation of these
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articles). Further, there was consensus from the members of the Inquiry Committee that someone
sophisticated enough to routinely use a desktop computer, laptop computer and iPad understands that
computer systems can periodically fail and, thus, that safeguards and backups must be implemented.
Given the accusations you faced, failing to back up the data that was being questioned as part of a
Research Misconduct Inquiry was extremely careless, and demonstrates gross negligence and

incompetence.

To date, three separate Research Misconduct inquiries (2019, 2020, 2021) have been conducted by
FSU over various allegations of fraud and falsification involving: (1) the five withdrawn publications,
(2) the retracted 2003 publication that you authored while a faculty member at GSU, and (3) the
additional 11 papers published between 2006 and 2020. GSU also conducted an inquiry relative to
the 2003 publication. The FSU and GSU inquiries were limited in their effectiveness because you
again indicated that the relevant data to evaluate the veracity of your data analyses were no longer
available. Asyou know or should know, the undeniable and fundamental obligation of all researchers
is to maintain data to allow third part replication. However, as you indicated repeatedly to questions
about access to your data, you either (1) deleted data within two to three years because of its purported
sensitivity, or (2) you lost the data because of a computer crash and your failure to have appropriate
backup mechanisms in place to safeguard the data. Providing output and tables without the actual
data from which the output and tables were derived prevents third party replication and is directly
contrary to accepted scientific research standards (i.e., National Institutes of Health, Conduct of
Research 7® Edition, 2021:10).

Regarding the six retracted papers (five withdrawn voluntarily by you and your co-authors and one by
the publisher), to date the FSU Research Misconduct inquiries (2019, 2020 and 2021) have not led
to a satisfactory resolution, as noted above. You have not been exonerated of wrongdoing, found to
have engaged in misconduct, or recommended for a full investigation. The Inquiry Committees,
composed of faculty members charged to look at specific instances of your retracted papers and any
related misconduct, have been unable to reach a definitive outcome because they have not obtained
from you (or elsewhere) the necessary data to make a final conclusion as to whether research
misconduct has occurred. This uncertainty has placed you, the College of Criminology and Criminal
Justice, its faculty, its students, FSU, and the broader Criminology research community in a
problematic and uncertain position.

To reach closure, and to further investigate possible policy violations outside of the scope of the
University’s Research Misconduct policy, the Office of Human Resources reviewed the information
and investigated whether or not you violated any other policies at the University. As part of this
investigation, on April 11, 2022, you met with Rebecca Peterson, Sr Associate Director, Faculty
Relations and Dean Thomas Blomberg, College of Criminology and Criminal Justice, for an
investigatory interview. Following that interview, a review of your responses was conducted. In the
review, it was found that your responses were often vague, inaccurate, misleading, and/or
noncomprehensible. For example, when you were asked about your training in statistical analysis, you
responded that it was pretty extensive. However, if that was true, then it seems implausible that you
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would have created the mistakes that you did in your studies, such as the repeated errors in merging
and coding data. Further, in attempting to explain your failure to properly maintain data, you noted
that you had stored the data on a laptop. However, backing up data on a laptop is not backing up
data. Standard research practice dictates that backing up data would include keeping data in multiple
places such as a work computer, a cloud drive, and an external hard drive, if permitted. Also, you
indicated that you often delete your data after two to three years because of sensitivity. Numerous
researchers employ sensitive data that they do not delete but rather maintain following established or
required protocol to protect the data. Moreover, most researchers keep data for decades in order to
reanalyze or share the data. Further, you indicated that you provided the Inquiry Committee with
information (namely output and tables), but you failed to provide the Inquiry Committee with the
data for the output and tables. Therefore, the three Misconduct Committees could not reach a
conclusion about the research misconduct allegations that were lodged against you as you failed to
provide access to the data that the questioned studies were based upon.

Based on the totality of the information and the glaring demonstration of data mismanagement and
the unprecedented number of articles retracted, I find that the evidence supports a termination for
incompetence and negligence in the performance of your duties. As a published researcher and a
tenured full professor, you are responsible for exercising competence in basic research processes, and
competence in data management, and competence in the basic parameters of the statistical analyses
you employed. You are fully responsible for the integrity of the results that are generated. Your conduct

has adversely impacted and reflected poorly on the University, the College of Criminology and
Criminal Justice, its faculty and students, and the discipline of Criminology. This includes numerous
expressed reservations from persons who were considering joining the College, i.c., faculty and PhD
prospects, questioning of our PhD students who are on the job market about the status of Stewart’s
research misconduct allegations and about the integrity of their own data, numerous inquiries and
stated concerns from our criminological peers around the country, potential negative consequences to
the careers of your co-authors and students, questioning from current students about your credentials
to teach given the misconduct allegations against you, and an overall cloud over FSU and the College
in relation to the negative social media responses to the unresolved allegations of research misconduct
against you. As Provost, I must uphold the values and the mission of the university and, therefore, I
have decided to proceed with the notice of termination.

Please be advised that within twenty (20) days of receipt of this notice, you may submit a response in
writing for consideration before a final action is taken. You may also include in your response
supporting materials from other individuals. You also have the right to request a meeting with me to
refute the statements contained herein.

As an alternative, you may request a review by an appropriate faculty committee (hereinafter referred
to as the “Peer Panel”) prior to the issuance of the Notice of Termination. This Peer Panel would serve
as the peer review panel specified in Article VI, Section B(8)(c)-(f) of the Florida State University
Constitution and the Regulations of the Florida State University, FSU-1.004 (IV)(B)(8)(c)-(f). Any

request for a meeting or a Peer Panel must be made, in writing, within ten (10) days of receipt of this
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Notice of Intent to Terminate, to Rebecca Peterson, Faculty Relations, Human Resources, 6110
University Center, Florida State University, Tallahassee, Florida 32306. Ms. Peterson can also be
reached at (850) 645-2202.

As an official representative of Florida State University, I assure you that it is our sincere desire to take
only warranted disciplinary action against you, based on true and correct charges. Therefore, we are
sincerely interested in receiving and considering your response before taking the disciplinary action to

terminate you.

Sincerely,

A b

James J. Clark, Ph.D.
Provost and Executive Vice President
Florida State University

I understand and acknowledge receipt of this notification.

Eric Stewart Date

Co Employee Personnel File (Stewart, E.)
Thomas Blomberg, Dean, College of Criminology
Faculty Development and Advancement

Faculty Relations
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