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1 Introduction

Many Race and Ethnic Politics scholars use datasets that are not oversampled and
have deep biases when applied to minority populations. Most obviously, the CES does
not interview in Spanish. Yet, various articles use this data to make inferences about
Hispanic populations (Fraga et al. 2025; Derek Wakefield 2025). Why? Well, among
other things, the CES has a larger n, and forms a complete time-series (Derek Wake-
field 2025). Oversampled datasets are often one-off, or are relatively new, such as
the CMPS, which has only had four waves to date. Despite use of American Politics
datasets becoming more common in Race and Ethnic Politics work, articles rarely
consider the underlying biases in sampling when using datasets not designed for
Race and Ethnic Politics (Fraga et al. 2025), though exceptions exist in some online
appendices (Tokeshi 2023; Corral and Leal 2024) and technical reports (Deshpande
and Cha 2022). I examine biases in American Politics datasets de novo with a new
framework of evaluations specific to race and ethnic politics work. This framework
takes into account descriptive trends and regression models. I find that the CES, and
to a lesser extent, the ANES, undersample Hispanics, especially in highly Hispanic
states, and oversample Whites. I also find that language is not a clear driver of this
disparity. Finally, I find that the CES and ANES underestimate the effect of race
on outcome variables when included as an explanatory variable in a regression on
a whole sample of the American population, but regression coefficients in subsam-
ples of the CES and ANES are not significantly different from oversamples form the

CMPS. Race and Ethnic Politics scholars should continue to use American Politics



datasets when no better options are available, but using American Politics datasets
is acceptable for some types of regression analysis, though it is still important to

know the existing biases in the American Politics data before using it.

2 Literature Review

At the front of the paper, it is important to recognize three things. First, the paucity
of data for Race and Ethnic Politics is because of problems in funding. Funders don’t
want to fund Race and Ethnic Politics data. I'm aware that this paper criticizes Race
and Ethnic Politics scholars making the best out of a bad data situation. Second, by
the sole virtue of being a statistical minority, it is difficult and expensive to sample
non-White groups. Third, both Hispanic and Asian-American categories are loosely
formed social constructions, which is why I evaluate biases in subgroup ethnicities
as well (Wong et al. 2011; Derek Wakefield 2025). This paper is intended to inform
Race and Ethnic Politics researchers using American politics datasets, not necessarily
to discount or discourage their utilization outright. Even though American politics
datasets may be the best data available to answer many questions, it is worth knowing
the biases in using data not designed for use in Race and Ethnic Politics work.

Use of American Politics datasets in recent Race and Ethnic Politics work

Various Race and Ethnic Politics scholars have used American Politics datasets
for their work. The Cooperative Election Study (CES) (Schaffner et al. 2023), for-
merly the Cooperative Congressional Election Study, is most commonly used, owing
to its frequency and large n-size and geographically stratified sample (Wilkinson et al.

2015; Fairdosi and Rogowski 2015; Stout and Garcia 2015; Chan 2022; Kellstedt and



Guth 2021; Benjamin and Carr 2022; Cuevas-Molina 2023; Watts 2024; Geiger and
Reny 2024; Brown et al. 2025; Fraga et al. 2025). The American National Election
Studies’ time-series (American National Election Studies 2022) is used less frequently
(Abrajano and Panagopoulos 2011; McKenzie and Rouse 2013). Both form complete
time series, and have been used as parts of time-series analyses (Enders and Thornton
2022; Derek Wakefield 2025), rare in Race and Ethnic Politics. The Race and Eth-
nic Politics alternative is the Collaborative Multiracial Post-election Survey (CMPS)
(Frasure et al. 2024), which contains oversamples for Black, Hispanic, Asian, and now
American Indian (Foxworth et al. 2025) populations. It is commonly used in Race
and Ethnic Politics work because of its oversamples (Masuoka et al. 2019; Irizarry
2024; Slaughter et al. 2024). The CES contains enough racial minority respondents
to match the or exceed the CMPS for certain groups, (CES Black n = 6952, His-
panic n = 5180, Asian n = 1831; CMPS Black n = 4613, Hispanic n = 3873, Asian
n = 3836), which may make it tempting to use the CES for minority subsamples,
even if the CES methodology documents warn against it (Schaffner et al. 2025, 18),
because small mistakes can become very large when analyzing a small subsample
(Ansolabehere et al. 2015). Accordingly, some studies that use multiple datasets
do obiter dicta analyses comparing the CES to oversampled datasets (Tokeshi 2023;
Corral and Leal 2024). Others combine and reweigh oversampled datasets with
American politics datasets (Derek Wakefield 2025). Though Race and Ethnic Poli-
tics scholars are generally aware of possible biases when using non-oversampled data,
many do so anyway. Thus, a comprehensive analysis between American Politics and

oversampled datasets is necessary to identify and illustrate the differences between



using American Politics and Race and Ethnic Politics data.
Given that American Politics data is not made for use in Race and Ethnic Pol-
itics, I center my literature review around discussion of two topics that I think are

especially important when sampling racial minorities: language proficiency and ge-

ography.

2.1 Language

The CES completed two Hispanic oversamples in 2010 and 2016, in which Spanish-
language questionnaires were translated. All other CES interviews were done solely
in English (Personal Communication with Brian Schaffner). Having interviews in
Spanish deeply matters for any analysis of Hispanic politics. An analysis of a biased
exit poll from CNN /Edison in 2016 finds that when there are no Spanish interviewers
and when precincts for exit polling are not selected carefully, estimates of Hispanic
vote choice can be deeply biased, in the case of the Edison poll, by an average of
15% in favor of Trump (Barreto et al. 2017, 220). Exit poll results can be affected
by languages which interviews are available in, selection of precincts in segregated
cities, and post-survey weighting techniques (Barreto et al. 2006). Response rates and
representativeness among Hispanics in hard-to-reach areas, such as Texas colonias,
can be boosted by competent Spanish interviewers and probability samples generated
from satellite imaging, where no addresses or post offices are available (O’Hegarty
et al. 2010). Speaking Spanish is a strong predictor of demographic variables, such as
religion, and there are deep differences in those demographics between surveys that

interview in Spanish and those that do not (Perl et al. 2006). Weighting can be used



to correct some of this bias, but it is not a substitute for valid data collection (Perl
et al. 2006). For Asian Americans, the divide in language proficiency is significant
enough to be used as a measure of acculturation, and foreign-born Asians who speak
English have significantly more access to healthcare and resemble the demographic
characteristics of US-born Asians more closely than foreign-born Asians who do not
speak English (Lee et al. 2011). When Chinese- and Vietnamese-language surveys
are fielded in the United States, researchers are able to garner similar response rates
as English-language surveys with no more missingness of data (Ngo-Metzger et al.
2004). Fielding multilingual surveys for Asian Americans, Native Hawaiians, and
Pacific Islanders is challenging as translations are often only done in the most spoken
languages, and smaller languages are often ignored (Lee et al. 2022). Similarly,
translations are expensive and do not take into account literacy levels or colloquial
speech in these communities (Lee et al. 2022).

Language also has a broader effect on politics and political behavior for groups
with large non-English speaking populations. The English language is often seen as
the dominant language in the United States, and many people see English as integral
to national identity and support laws to restrict the rights of non-English speakers
and to mandate the use of English in America (Schildkraut 2013). Voting Rights Act
(VRA)-mandated Spanish-language ballots and election assistance in California not
only increased overall turnout for primary elections in that state, but also changed
electoral outcomes in local policy (Hopkins 2011). However, Spanish-language Get
Out The Vote (GOTV) efforts were only found to boost mobilization in low vote-

propensity voters and Spanish-speaking voters, whereas English-language appeals



had a broader effect in boosting voting among all groups (Abrajano and Panagopou-
los 2011). When candidates use Chinese-language names on campaign signs, they
are perceived more positively by Chinese-American voters, regardless of whether the
candidate themself is Chinese or not (Yeung and Wamble 2024). English-speaking
Hispanics are less likely to prefer pan-ethnic labels than Spanish speakers (Chong
2019, 34), whereas non-English-speaking Asians are more likely to prefer national
origin candidates than English-speaking Asians (Chong 2019, 42). Consumption of
Spanish-language media is correlated with liberal attitudes on immigration and in-
creased group consciousness, and “Hispanics who rely on Spanish-language media
have significantly different views about politics in the United States compared to
those Hispanics who primarily use English-language media” (Kerevel 2011, 529).
Even the structure of a language can have an effect on public opinion, those who
speak non-gendered languages are more likely to support gender equality than people
who speak gendered languages (Perez and Tavits 2022). People interviewed in a mi-
nority language are more likely to view politics through an ethnic lens and prioritize
minority issues, and the salience of these issues is affected by the ability to speak

said minority language (Perez and Tavits 2022, 108-109).

2.2 Geography

Geography is important to race and ethnic politics because of the history of segrega-
tion and redlining. The government and private agencies segregated neighborhoods
by race, leading to differential outcomes for housing prices (Rothstein 2017). Home

Owners’ Loan Corporation (HOLC) redlined neighborhoods still experience differen-



tial outcomes in health outcomes, pollution, income, and many other facets of life
(Swope et al. 2022). Many cities remain divided by segregation on both race and
class lines, such as Tucson where Hispanic population distribution is autocorrelated
(Moran’s I = 0.859%)) as is income (Moran’s I = 0.551%)), or Harrisburg, where Black
population is autocorrelated (Moran’s I = 0.668*)) (Frank 2003, 153, 155). inbook
go back for citation For Black voting districts, though race explains 60% of variation
in district-level voting patterns, geography explains a remaining 30% of variation,
and districts with high racial polarization are concentrated in the South (Kuriwaki
et al. 2024). This means that racially polarized voting is deeply contingent on place
and geographic context. Racially polarized voting is prevalent in urban areas and is
robust to changes in election rules meant to mitigate this clustering (McDaniel 2018).
There are also unique effects of the urban-rural divide on race and ethnic politics.
For White Americans, rural resentment and rural consciousness push rural voters to
vote in opposition to urban voters in an us versus them dynamic (Cramer 2016). Yet
the same voting pattern is not seen among rural voters of color, whose vote choice
closely matches that of urban voters of color (Brown et al. 2025). However, rural
voters of color are slightly more likely to hold conservative views, especially on social
issues (Brown et al. 2025). Race and ethnicity and state politics are closely linked;
racial diversity accounts for much of the diversity in the political culture of a state
(Hero and Tolbert 1996). Conversely, state politics can also have an effect on racial
minorities’ public opinions and views of themselves (Jiménez et al. 2021).

To correct for non-representativeness of samples, researchers often use multilevel

regression and post-stratification (MRP) weights to weight respondents’ leverage in



counts and models by their demographic characteristics as opposed to a benchmark
known population distribution, usually from the census. MRP is made up of two
steps: multilevel regression and post-stratification. Multilevel regression refers to
the fitting of a multilevel logit or probit model against demographic and geographic
variables against an outcome variable of interest (Park et al. 2006).

The difference between stratification and post-stratification is that in stratifica-
tion, strata are created based on complete frame data before sampling and post-

stratification is based on aggregated strata after sampling (Kolenikov 2016).

3 Theorizing Datasets

We are entering an era in which no one wants to fund any research related to race.
One could argue that race was already discouraged as a subject of inquiry prior to this
administration, but there has been a substantive sea change in funding patterns for
social science research, especially in relation to race and ethnicity. Despite criticizing
various scholars’ work using better funded American politics datasets, I do want to
leave this paper with actionable advice for scholars and practitioners for how to do
inquiry in a changing political climate. Survey experiments are not vastly more
expensive per respondent than observational data, but are far more powerful for
causality at smaller n sizes (Laird and White 2021; Jiménez et al. 2021). Qualitative
research can produce reasonably robust results (Brady and Collier 2010; King et al.
2021), for less money and very small n, and has been used to produce some extremely
high-quality Race and Ethnic Politics research (Simpson 1998; Harris-Lacewell 2010).

The big-n dataset is not the end-all-be-all of empirical research, or even quantitative



research.

The shininess of a giant n may be alluring to researchers who want to run re-
gressions with dozens of independent (Roman 2023) or dependent (Fraga et al. 2025)
variables, careful thought needs to be put into the descriptive characteristics of the
data used. A dataset should, in theory, be a random sample of the population to
make inferences about the population possible. Representativeness should be un-
derstood as a sample’s respondents approximately matching the population across
various demographics (Grafstrom and Schelin 2014). Because this is the goal, it is
worth imagining what properties a perfect Race and Ethnic Politics dataset would
have.

It’s hard to say what an ideal dataset for Race and Ethnic Politics would look
like. Those behind the CMPS have tried their best, but their randomness and sam-
pling are not as strong as more established surveys (demonstrated in descriptive
section) such as the ANES or CES. The CES’ n-size is an enticing pull for Race
and Ethnic Politics scholars, and an oversample could be less relevant when 60,000
respondents are involved. The ANES asks more questions than the CES and has
feeling thermometers. I think that in an ideal world, the infrastructure of the CES
could be leveraged with better sampling procedures, more measures, and occasional
oversamples of minorities. All three of these major election studies have benefits and
drawbacks, so it is important to weigh which of these pros and cons matter the most
for Race and Ethnic Politics work.

Thus the question for Race and Ethnic Politics researchers is one of benefits and

costs. Which dataset maximizes validity and reliability for any given subsample?



I think that the deficiencies in the CES will make it perform poorly compared to
the CMPS for racial subsamples. First, the lack of questionnaires in non-English
languages seriously complicates the descriptive universe for minority subsamples, es-
pecially Hispanics and Asians. As sufficient evidence in the literature has shown,
language has a serious effect on politics that cannot be taken lightly. Ignoring the
non-English-speaking segment of the population is both ethically questionable and
scientifically dubious. Lopping off a possible class of respondents based on a demo-
graphic characteristic makes the CES less representative than it can be, not only for
racial minorities, but for any analysis on American Politics, generally, especially in
states with large non-English-speaking populations. The CES also claims to have
representative samples in all Congressional Districts, but some of those districts
have Hispanic populations of up to 90% (Texas Legislature 2023), so any small er-
rors in validity would be inflated when doing analyses on specific areas that have
large amounts of Spanish Speakers. These two aspects make using the CES highly
questionable in Race and Ethnic Politics research.

The ANES, on the other hand, has a smaller sample size but more measures and
more complicated weights. The ANES contained two associated subsamples that
comprised part of their overall respondent base, the GSS subsample and a panel
study started in 2016 (DeBell et al. 2022, 7). All recruiting and interview materials
were translated into Spanish (DeBell et al. 2022, 31). A complexing weighing system
was used to take into account different subsamples, and weights were introduced
for interactions of age, gender, race, education, marital status, census region, and

standalone terms were included for nativity, population density, income, early voter
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status, and vote choice in 2016 (DeBell et al. 2022, 86). I think that in terms of the
way the sample was taken, the availability of Spanish language interview materials,
and the weighting scheme, the ANES is the best possible dataset for use in Race
and Ethnic Politics from a methodological standpoint. The only problem lies in its
sample size for minority groups.

I think that both descriptive statistics and regression outputs will be deeply
affected by sampling patterns of minority groups for subsamples of each dataset.
Given the CES’ lack of Spanish respondents, I expect the CES specifically to be
different from all other studies in this paper, which do offer surveys in Spanish. I
also think that the CMPS coefficients will be closest to those in the ACS for minority

subsamples only.

4 Research Design

The purpose of this paper is to better understand the implications and biases intro-
duced by the idiosyncrasies of certain American politics datasets when using them
to analyze subnational opinion.

A technical report by Deshpande and Cha (2022) examines discrepancies in the
distribution of demographic characteristics for Hispanic and Asian respondents in
the 2020 CES as compared to the 2019 ACS. They find that the CES undersamples
people of lower education, Hispanics in the West, Indians, and Mexicans (Deshpande
and Cha 2022, 2). Oddly enough, 17.6% of the CES’ Hispanic sample claims to be
from or descended from Spain (Deshpande and Cha 2022, 3), though this may be a

result of people claiming to be solely Spanish. Asian subpopulations have too small
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a sample size for disaggregated analyses by ethnic group, the same is true for voter-
validated Hispanics (Deshpande and Cha 2022, 4). Generation and immigration
status for Asians and non-Mexican Hispanics are also not sufficiently sized to allow
any meaningful analysis (Deshpande and Cha 2022, 5). The CES also problematically
allows Asians to select a “United States” origin in place of giving an answer that

would identify ancestry or ethnic group (Deshpande and Cha 2022, 10).

4.1 Descriptive Framework

Given that there has not been a comprehensive design created in the way of evaluating
subsamples of datasets in the American Race and Ethnic Politics context, I visit this
issue de novo. I expand on Deshpande and Cha’s (2022) analysis by including several
dimensions that matter more for Race and Ethnic Politics work than for American
politics work.

1. Language alone Given that racial minorities are more likely to speak mi-
nority languages, and their politics are often affected by the use of non-English
languages, it is worth evaluating a possible bias introduced by either not offering
questionnaires in multiple languages or not offering questionnaires in a sufficient va-
riety of languages for the subgroup meant to be analyzed. This is evaluated against
benchmarks in the PUMS data.

2. Language by geography The common usage of non-English languages is
not evenly distributed (as will be shown in exploratory data analysis of the PUMS)
and can bias estimates from particular areas.

3. Ethnicity Continuing from the analysis of Deshpande and Cha (2022), and

12



considering that Hispanics and Asians are heterogeneous groups that have different
political behaviors for granular ethnic groups (Wong et al. 2011; Derek Wakefield
2025), ethnicity is measured as a bias in two ways. First, bias from ethnicity is con-
sidered in the whole sample of the survey. Second, bias from ethnicity is considered
in the context of racial group. What this means is that, for example, the sample of
Puerto Ricans will be tested for bias as a percentage of the whole population, and as
a percentage of Hispanics. This means that estimates of bias can be used for both
general American politics research and research on Hispanics. This is benchmarked
against the PUMS.

4. Race by geography Racial minorities are not evenly distributed across
America and form distinct pockets in many geographic areas. Given the previously
established importance of geography to Race and Ethnic Politics, bias is measured
for each racial group’s distribution by state or region. This benchmarked against the
PUMS.

5. Race by education and 6. Race by income Because education and
income are commonly introduced survey weights and because there are disparities
in education and income linked to race, it is important to Race and Ethnic Politics
research to understand whether certain racial groups are sampled or weighed by
their own distributions of education and income, rather than national distributions
of education and income.

8. Race by partisanship and 9. Race by ideology These final tests for
bias show the differences between American Politics and Race and Ethnic Politics

datasets’” measurements of political opinions by race in order to demonstrate the
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substantive effect of higher level sampling disparities on possible outcome variables.
These are weighed against the CMPS.

These biases are calculated against possible benchmarks. Given that this pa-
per analyzes, in part, the relative merits of using American politics datasets rather
than smaller n and more infrequent Race and Ethnic Politics datasets, several biases
are benchmarked against Race and Ethnic Politics datasets. However, these data
sources are not the best benchmarks for demographics at large, and cannot (should
not) be used to calculate post-stratification weights. Thus, the main benchmark used
is Public Use Microdata Sample (PUMS) estimates from the American Communi-
ties Survey (ACS) from 2019 and 2023 (U.S. Census Bureau 2023). These estimates
include high-dimensional contingency tables for many variables, including race, eth-
nicity, state, citizenship, language, and English proficiency. This benchmark is not
perfect, and limitations are further expanded upon in the PUMS section. In short,
measurements are not as precise as possible. Descriptive statistics for the PUMS for
language is also analyzed.

For large n and time series American politics datasets, I analyze the CES and the
ANES. I compare these datasets to the CMPS. All of these studies have been used
in some Race and Ethnic Politics research published in the last 20 years. I measure

for descriptive bias across several domains.

4.2 Correlative Framework

After the descriptive section, I go further than Deshpande and Cha (2022) by testing

the outcome of regressions on each dataset. The regressions will include common

14



explanatory variables, such as race, gender, education, income, and religion, and
common dependent variables, like party identification and ideology. Given that the
CES and ANES are nationally representative, an identical regression should yield
similar results in each year. The same regression is duplicated for Hispanic, Black,
and Asian subsamples of the CES and Hispanic and Black subsamples of the ANES
to determine how regression analysis of American Politics subsamples differs from
oversamples such as the CMPS. Essentially, American Politics datasets should not
be vastly different from Race and Ethnic Politics datasets and patterns in people
groups in those datasets should remain regardless of what data is used. The alter-
native would be concerning, as results from Race and Ethnic Politics papers that
use American Politics datasets could be contingent on the data used and may not
adequately reflect actual patterns in minority communities.

There are two regressions considered that could be reasonably plausible for an

average regression one might see in political science research. Regression 1 is

income ~ OLS(race + gender + education(ordinal) + age

where income is a numeric variable. Because the PUMS has data for income, it
is used as the benchmark against which the CES, ANES, and CMPS is measured.

Regression 2 is

democrat(binary) ~ logit(race+gender+education(ordinal)+age+income+evangelical (binary)

and Hispanic subsamples for both replace race with Hispanic ethnicity. All regres-

15



sions include original weights from the datasets (sample or over-sample weights from
CMPS when appropriate). This method of comparing OLS coefficients was suggested

to me by Christopher Wlezien in a time-series context and agreed to by David Siegel.

5 Findings

The findings section continues as follows: a brief look at language in the United States
as of 2023 through the PUMS, and a discussion of the language bias in datasets.
Then I analyze the CES and ANES for points 3 through 9, and the regressions

section comparing coefficients from identical regressions in the year 2020.

5.1 PUMS

Starting from a high-dimensional crosstab of all relevant variables (cells = 45,883,266)
representing 5,696,094,969 estimated observations across 18 years, the PUMS micro-
data released from yearly ACS surveys is the most comprehensive benchmark possi-
ble, and is released by the U.S. government. Because it forms a complete contingency
table, it can be used for the creation of post-stratification weights with precise inter-

actions. This allows for analyses of multidimensional biases across datasets.

5.1.1 Language

There are several different ways of examining language in America. Given that
American politics revolve around English, the first consideration is the English pro-
ficiency of foreign language speakers. The proportion of foreign language speakers

who speak English “very well” has increased in recent years, and the proportion that
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English Proficiency for Non English Speakers
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do not speak English well has decreased. Around 80% of foreign language speakers
in America speak English well or very well. At present, less than 5% of voters do not
speak English well or very well. The number of people whose household language is
Spanish had increased modestly from 15% to 17% in a 20-year span. The proportion
whose Household Language is one of many Asian languages is at present 6%. Of
these, Indian Subcontinent Languages are the most common, followed by Chinese
Languages, Filipino Languages, Vietnamese, Korean, and Japanese. In the wider
time series, there was a change in how the household language question was asked

to allow for more granularity. This disparity is shown in the figure.
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Low English Proficiency by State, Voters, 2023
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5.1.2 Language by Geography

California, Texas, Florida, New York, and New Jersey have the highest non-English
speaking populations. California also has the highest percentage of non-English
speaking voters, at 5%. This number is smaller than I initially thought, and it seems
that the segment of the population left out of the sample is smaller than I imagined.
Additionally, 95% of the respondents in the CMPS took the survey in English, and
99% of the respondents in the ANES took the survey in English. This casts serious
doubt on whether language is actually a concern when using the CES. However,
many Hispanic respondents claim to speak Spanish often at home. The takeaway is
that Spanish language remains important for Hispanic Households, but that there is
no serious bias introduced into the CES as compared to the CMPS from not offering

non-English surveys. However, the CES’ sample of Hispanics is still problematic.

5.2 CES

The main takeaway of this section is that the CES chronically undersamples Hispan-
ics and oversamples Whites. This disparity is so significant that it affects not only
Race and Ethnic Politics work, but also any analyses of politics in states with high
Hispanic populations or on congressional districts with high Hispanic populations.
The CES does remarkably badly at finding Hispanic respondents. They also do not
field any surveys in Spanish, so no further analyses can be done with regards to
language. Because no language information is available in the CES, I will start the

analysis at item 3, ethnicity.

% Survey

%Benchmark 1 so

Throughout the following sections, percent bias is defined as
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CES Biases by Ethnicity
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that less than the benchmark is negative and greater than the benchmark is positive.

Ethnicity

Both the Hispanic origin and Asian origin questions on the CES have problems. The
primary problem, noted by (Deshpande and Cha 2022), is the offering of “United
States” as an option for ancestry in both the Hispanic and Asian ethnicity question.
This leaves the dataset with Hispanic and Asian respondents who only claim to have
ancestry from the United States and with no marker of ethnic group. The census
does not allow this option. A weighted 9.3% of Asians and 27.8% of Hispanics choose
this option instead of reporting their ethnic group. To correct for this, I consider

weighted percentages against the census both with and without these United States
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CES Biases by Ethnicity
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identifiers. Another significant difference between ethnicity questions in the CES
and Census is tracking of the “Spanish” population. The Census requires someone
to identify as “Spaniard” on the Hispanic ancestry question, whereas the CES asks
where one can trace one’s ancestry from. Thus, the Census records 2.5% of the
Hispanic population as Spanish, whereas the CES records a weighted 4.5%. In the
weighted original dataset, Mexicans are undersampled at 43% less than the Census
as a percentage of the Hispanic population. When removing United States identify-
ing respondents, Mexicans remain mildly underrepresented and Cubans and Puerto
Ricans are overrepresented.

For Asians, Japanese are massively overrepresented in the data, with 234% more

than the benchmark from the census. Chinese and Filipino respondents are also over-
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represented. Vietnamese respondents are underrepresented with 25% less than the
expected population from the Census in the original dataset and 17% when removing
United States respondents. Other Asians are also underrepresented at 39% and 32%
less than the Census, respectively. Given these biases, using CES data for any anal-
yses that disaggregate Hispanics or Asians by ethnic group is questionable. Several
groups are heavily overrepresented and many are underrepresented. The addition
of the United States option makes understanding subgroup political behavior more
difficult and likely invalid. Put simple, the CES does not sample Hispanic or Asian
subgroups well, and the CES should not be used as part of an analysis of Hispanic

or Asian subgroups.

Race by State

This is the most important finding from the CES analysis. The CES deeply under-
samples Hispanics, even when weighted. Hispanics are undersampled in every state,
and the worst undersamples come from states with high Hispanic populations. Given
that the CES claims to have a representative sample in every state, underestimating
the Hispanic population of every state, especially New Mexico, 18% off; and Texas,
California, Arizona, and Nevada, 15% off, seriously questions whether a sufficient
sample exists in every state for analyses of state politics. As will be demonstrated at
the end of this section, this has ramifications for American Politics research as well
as Race and Ethnic Politics. Blacks are sampled reasonably consistently with the
Census. Asians are sampled below the benchmark in most states. Though this does

not deeply bias large-scale analyses, the CES sample of Asians is inconsistent across
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Sampling of Hispanics, CES 2024
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Weighted % Vhite, CES 2024
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CES Biases by Race and Education, 2024
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state, as well as ethnicity. Another important aspect to consider is the oversampling
of Whites. Just as Hispanics are undersampled in every state, Whites are oversam-
pled in every state. This oversample is smaller in magnitude than the undersample
of Hispanics, but compounds with that undersample in Texas, California, and New
Mexico. The RMSE for Whites is 8.7% and for Hispanics is 8%. Despite having
a large n of racial groups, the CES deeply fails at sampling Hispanics in the right
places and is biased in favor of Whites. Descriptive work using the CES, even in an

American politics context will be flawed because of this disparity.

5.2.1 Race by Education

Unsurprisingly, higher educated people are overrepresented in the sample across all

racial groups. However, this overrepresentation is most drastic with the Hispanic
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subsample. There are about three times as many college graduates as there should
be. High school graduates are also overrepresented. Non-High school graduates
are underrepresented across all races, but the disparity is largest for Asians. The
subsamples for Black, Hispanic, and Asian respondents are more biased across the
board than the subsample for White respondents. Given the wide difference between
the weighted and unweighted biases, the survey weights likely incorporate education,
and those weights are doing heavy lifting. However, those weights do not adequately
fix the deep sampling bias and post-weighting biases are especially prominent among
minorities, especially Hispanics. Minority subsamples of the CES will be deeply

biased by education, even when taking weights into account.

Race by Income

As might be expected by the design of surveys, richer people are underrepresented
in the data and poorer people are overrepresented. Given that minorities are poorer
than Whites, these sampling biases lead to the unusual effect of the data being more
representative of some minorities than of Whites. The Black subsample has the least
overall bias, followed by Asians, Whites, and Hispanics. However, negative sampling
biases for Black and Hispanics appear earlier, with those in the $80,000 to $149,999
range being far more underrepresented than for the White or Asian samples. Thus,
there are fewer observations of Upper Middle Class Blacks and Hispanics, which may

complicate intersectional analyses of class and race.
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CES Biases by Race and Ideology, 2020
Compared against CMPS oversample weights
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Race by Ideology

In the weighted CES, conservative Black and Hispanic respondents are marginally
overrepresented and liberal Hispanics are marginally underrepresented. However,

these differences are very small.

Race by Party ID

For race by party ID and ideology, the CES 2020 is compared against the CMPS
2020. The weighted CES is very similar to the CMPS in terms of Black, Hispanic, and
Asian Republicans. However, there are slightly fewer Black and Hispanic Democrats
in the CES than the CMPS and more Independents and “Others”, likely an artifact

of how the questions were worded. The CES had “Other Party” as an option and
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Language Spoken at Home, Latino Respondents, ANES 2020
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the CMPS did not.

Reflections on the CES

The CES has far too many Whites and too few Hispanics, especially in highly His-
panic states. This difference is likely not caused by language. Further biases are seen
in ethnicity breakdowns for Hispanics and Asians, education for Hispanics, Blacks
and Asians, and income for Upper Middle Class Blacks and Hispanics. However, no

serious deviation from the CMPS for ideology or party ID is found.
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5.3 ANES
Language

The ANES does have household language and interview language available, but these
are on different scales than the PUMS, so they cannot be compared easily. Specifi-
cally, the PUMS only asks for the household language, whereas the ANES asks for
how much of a household language is spoken. The ANES does not ask questions
about English proficiency. Less than 1% of ANES respondents were interviewed
in Spanish. However, the majority of Hispanic respondents said that they spoke

Spanish at least the same amount as English in their household.

Ethnicity

The ANES has far less granularity with their Hispanic ethnicity question and does not
have an Asian ethnicity question. The only options for a respondent are “Mexican”,
“Puerto Rican”, or “Other Hispanic”. The unweighted ANES has 10% too few
Mexicans and the weighted ANES has 5% too few. This is far better than the CES.

Race by State

The ANES also undersamples Hispanics in most states, but not to the same extent
as the CES. The RMSE for Hispanics is 6%. Similarly to the CES, the ANES over-
samples Whites, with an RMSE of 9%, and samples for Blacks and Asians across
states are more varied but are approximately symmetric for oversamples and under-

samples. New Mexico remains the most incorrectly predicted state, with the ANES
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being 20% off of the Census Hispanic population.

Race by Education

As may be expected, people with higher education are overrepresented in the ANES
sample. This disparity is greatest for Hispanics, followed by Asians and Blacks. All
three racial groups have greater biases than the White sample. It is also remarkable
how far off the original sample was, as college graduates were 150% more than the
Census and “some college” was 100% more than the Census. The same bias for

education by race is seen in the ANES.

Race by Income

The ANES bias by race and income is more evenly distributed than that of the CES,
and the survey weights do a lot in changing the distributions of bias. It seems that
Asians have the largest biases: there are far too few low income Asians and too many

middle income Asians. Hispanic and Black biases are less significant.

Race by Ideology

The CMPS has more people on the extremes of the ideological Likert scale, whereas
the ANES has far less strong Conservatives and Liberals. The ANES has almost no
“Very Conservative” Black, Hispanic, Asian, or White respondents than the CMPS.
This should be taken into consideration if ideology is involved as a variable in a

regression.
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ANES 2020 and CMPS 2020 Party Identification by Race
Compared against CMPS oversample weights
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Race by Party ID

The ANES codes party ID more conservatively than the CES or CMPS, and does
not allow an easy answer for an “Other” Category. This seems to take from Hispanic

and Asian Republicans, whereas the Black ANES sample is more Democrat than the

Black CMPS sample.

Reflections on the ANES

The ANES has much of the same biases as the CES, though usually to a lesser extent.

Though they undersample Hispanics, they do so to a lesser extent.
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Comparing Coefficients for Regression 1, no subsample
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Regressions

This section includes identical regressions run on the PUMS, CES, ANES, and
CMPS, from 2020 and 2021. These regressions should return similar coefficients
regardless of what dataset is used, given the latent patterns in the population at
large.

As a reminder, regression 1 is

income ~ OLS(race + gender + education(ordinal) + age

and Regression 2 is

democrat(binary) ~ logit(race+gender+education(ordinal)+age+income+evangelical (binary)

For the numeric outcome of income, all three datasets are closer to each other than
they are to the PUMS. Especially notable are the education variables; the intercept
for the PUMS is far higher than the datasets, with the same reference categories
across datasets. I don’t know why this is the case, perhaps something to do with
the Census’ weighing. However, the ANES and CES predict education having a far
larger coefficient on income than the CMPS.

For the Hispanic subsample of regression 1, there are no significant differences
between datasets.

For regression two, democratic identification, the CES and ANES coefficients

on Hispanic are significantly less than the CMPS’ which means that the CES and

37



ANES underestimate the coefficient of being Hispanic on being a Democrat. The CES
also significantly underestimates the same effect for Black and Asian respondents.
In a regression where race is an explanatory variable, The CES underestimates the
importance of race compared to the CES. The CES also underestimates the coefficient
of being a college graduate on being a Democrat. In the Hispanic subsample, the
only significant difference between datasets is between the CES and CMPS which
predict opposite coefficients of being Puerto Rican on Democratic identification. For
the Black and Asian subsamples, there is not significant differences between datasets.

This suggests a very interesting finding. When estimating the coefficient of a race
on a whole population, American Politics datasets are significantly different from
Race and Ethnic Politics datasets in that they underestimate effects for race. But
when subsamples of American Politics datasets are used, those subsamples are not

significantly different than Race and Ethnic Politics datasets in regression models.

6 Discussion

I think that the findings of this paper have interesting implications for how we think
about doing observational work in Race and Ethnic Politics. A collected sum of the
findings of this paper are that: the CES and ANES undersample Hispanics, this
effect is gigantic for the CES. Language of interviews does not appear to have an
effect on the samples collected. There are various interactional biases such as race
by education present in the data. Regression coefficients for race in a regression run
on a whole population will be smaller in magnitude for American Politics datasets

than for the CMPS. However, subsamples of American Politics datasets by race are
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not significantly different from subsamples of the CMPS by race.

Language is not the culprit of the CES’ Hispanic problem. But something else
must be. They have far too few Hispanic observations from every state, especially
states with large Hispanic populations. I remain somewhat skeptical of the use
of American Politics subsamples in Race and Ethnic Politics, but their use is not
significantly worse than using the CMPS. The likely limitation of this paper is the
lack of a sophisticated benchmark that is more valid than the CMPS. Additionally,
the lack of common language variables made understanding the role of language in
American Politics datasets rather difficult, though very few CMPS respondents used
non-English options, either.

Geography, interacted with race, is the new problem for the CES if they want to
claim a representative sample in every state. Their weighted population distributions
are vastly different from the Census. Given that the CES is contingent on having
a reliable geographically stratified sample, irregularities at the state level call into
question the reliability of measurements at the district level, especially given that
errors in smaller subsamples compound (Schaffner et al. 2025, 18). However, on
balance, it is not too bad of a practice to use American Politics datasets for Race and

Ethnic Politics work, keeping in mind the biases in the underlying sample involved.

7 Conclusion

At the beginning of this paper, I sought to understand why Hispanic politics schol-
ars were using a dataset that included no Spanish-speaking respondents (Fraga et al.

2025). I have come to find that language is not a major factor involved. Rather, sys-
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tematic disparities in representation of Hispanics in both the CES and ANES affect
how regressions work when Hispanic is included as an explanatory variable. However,
subsamples of the CES and ANES are not significantly worse than the CMPS, even
when using original survey weights. It may not be all too necessary to reweigh (Fraga
et al. 2025) or post-stratify (Derek Wakefield 2025) these subsamples when running
basic regressions. It seems that the practice of using American Politics data is here
to stay. However, Race and Ethnic Politics scholars and practitioners should remain
mindful of what descriptive and correlative biases exist in the underlying data.

Figures made using viridis color scales for visual disabilities (Garnier et al. 2024).
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