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Abstract

The 2020 U.S. Census undercounted population in six states and
overcounted in eight. On top of that, the substate undercounting and
overcounting estimates will not be officially estimated by the U.S. Census
Bureau due to sampling size limitations. This report presents a practical
alternative to estimate undercounting and overcounting at the county
level, using a proportionally weighted index with theoretical
undercounting determinants and applies it to Texas' case. Findings suggest
its counties' undercounting estimates are primarily present in the
metropolitan areas and main counties along the U.S.-Mexico border and
that counties' share of people in younger age groups, and Hispanic
categories, is related to higher undercounting. Similarly, the Census self-
response rate via the internet is related to undercounting. On the other
hand, the share of people in older age groups and white categories is
correlated with less undercounting. Moreover, the Census self-response
rate under traditional methods—such as phone and mail—is related to less
undercounting.
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1. Introduction

The U.S. Census Bureau is the institution in charge of carrying out the Census every ten years as
it is mandated in the Constitution of the United States of America (U.S. Constitution, art. I, § 2).
Counting every single person and locating them in the right place, whatsoever, is a challenging
task. Despite deploying more than $14 billion to its implementation, the latest 2020 U.S. Census
undercounted population in six states and overcounted in eight (U.S. Census Bureau, 2022a; U.S.

GAO, 2021).

Undercounting and overcounting estimates can be obtained via the Post-Enumeration
Survey (PES) and the Demographic Analysis (DA). The PES allows us to identify whether the
counting in a state is significantly different from the original counting. On the other hand, for the
entire country, the DA uses current and historical vital records, data on international migration,
and Medicare records to produce national estimates of the population by age, sex, DA race
categories, and Hispanic origin and compare them to those of the Census. Nevertheless, county-
or city-level estimates are not provided by the 2020 PES because of its limited sample size to hold

appropriate assumptions at substate levels (U.S. Census Bureau, 2021b).

To fill this gap, we propose a methodology and apply it to Texas to approximate the
undercounting, or overcounting, of the population at the county level. This methodology is
intended to provide a starting point in this respect and open a healthy discussion about further
improvements and extensions. To do so, an examination of the plausible determinants of

undercounting and overcounting (hereon referred to as U&O) is first presented. After that, proxy



variables to measure the determinants are identified. Then, each county's share of U&O is

approximated based on an equally-weighted index.

2. A synthesized theoretical framework

There is a vast difference between identifying the characteristics of those undercounted when
having the data and estimating the undercounting with no direct data at hand. The former is
performed by the U.S. Census Bureau's Demographic Analysis. The latter is the purpose of this
report, and it is primarily based on identifying the undercounting by observing plausible
determinants of why people are being undercounted. In this regard, undercounting in social
science surveys has been largely studied, but scholarly work has no consensual framework yet
(Clogg et al., 1989; de la Puente, 1995; King & Magnuson, 1995; Martin & de la Puente, 1993;

O'Hare, 2019; Tourangeau & Plewes, 2013; West & Fein, 1990).

The literature around undercounting can be synthesized in a three-dimensional space, in
which U&OQ is a function dependent on three main types of variables: personal, geographical, and
Census features. At the same time, they could overlap. Moreover, each dimension might be
formed by different factors. For instance, the personal dimension might embrace aspects related
to a) social capital and b) social exchange. The geographical dimension might account for c)
physical easiness-to-reach people in large agglomerations and d) accuracy in the Master Address
File (MAF) records. The Census features dimension considers aspects related to the census
implementation, such as e) marketing strategies or f) interviewer/technological accessibility.
Table 1 groups the theory around these factors and explains how each factor might be related to

a more accurate Census counting.



Table 1

Synthesized theoretical framework of undercounting and overcounting

Dimension Factor

Reduces undercounting
through...

Scholarly work sorted by year

1) Personal a) Social Capital

b) Social Exchange

2) Geographical c) Easiness-to-reach

d) Accuracy in MAF

3) Census features e) Marketing strategies

f) Int/tech accessibility

...social trust and cooperative
attitude

...non-economic exchanges of
intangible social satisfaction

...easy access to people
intended to be approached
...including all households for
accurate planning and
implementation of the Census

...encouragement of people to
participate
...easing people's participation

Putnam (1995); Heyneman,
(2000); Letki (2006); Brick
and Williams (2013)
Homans (1958); Dillman et
al. (2009)

Martin and de la Puente
(1993); Martin (2007)
Mabhler (1993); Kissam
(2017); Kissam et al. (2018)

West and Fein (1990); Bates
(2017)

West and Robinson (1999);
Sinclair et al. (2012); Olson et
al. (2021)

Note: A deeper examination of surveys' nonresponse and undercounts in the U.S. Census is presented by
Tourangeau and Plewes (2013) and (O'Hare, 2019).

The synthesized framework shown above provides different mechanisms through which each

factor is associated with lower undercounting. Then, identifying a set of variables for these

factors would let us have a comparison measure of them and the dimensions across counties.

After that, we estimate an equally-weighted index with these variables to proxy the number of

people undercounted in each county since the U&O data for the 2020 U.S. Census is available

only for states.

3. Matching theory to data

3.1. Data

Each factor can be approximated by using indicators that capture the essence of each of them.

In this regard, the data is gathered from several sources (see Table 2).



Table 2
Data Sources for the synthesized framework on undercounting and overcounting

Dimension Factor Variable Data Source
1) Personal a) Social Capital i) Cohesiveness by clustering  Chetty et al. (2022a) and
(%) Chetty et al. (2022b)
b) Social Exchange ii) Volunteering (%) Chetty et al. (2022a) and

Chetty et al. (2022b)

2) Geographical c) Easiness-to-reach iii) Population density U.S. Census Bureau (2020)
(hundreds of people per km?)

iv) Population share (%) U.S. Census Bureau (2020)

d) Accuracy in MAF v) Addresses unable to be U.S. Census Bureau (2021a)
geocoded in the county (%)

3) Census features e) Marketing Strategies  vi) ACS 5-year nonresponse U.S. Census Bureau (2022b)
rate by refusal (%)

f) Int/tech accessibility  vii) ACS 5-year nonresponse U.S. Census Bureau (2022b)
rate by other than refusal (%)

Note: The latest data available is used for each variable.

We aim to capture the essence of the Social Capital factor with a measure of social trust and
cooperative attitude. With that in purpose, we lean toward the cohesiveness approach of Chetty
et al. (2022a) and Chetty et al. (2022b). They define Cohesiveness as "The degree to which
friendship networks are clustered into cliques and whether friendships tend to be supported by
mutual friends". Then, they measure Cohesiveness by clustering as the average fraction of an
individual's friend pairs who are also friends with each other. Theoretically, Social Exchange is
envisioned as those non-economic exchanges of intangible social satisfaction across individuals.
Chetty et al. (2022a) and Chetty et al. (2022b) also measure volunteering in quantifying Civic
engagement. We take their Volunteering variable as it captures "the percentage of Facebook
users who are members of a group which is predicted to be about 'volunteering' or 'activism'

based on group title and other group characteristics".



The Geographical dimension is composed of the Easiness-to-reach and Accuracy in MAF
factors. We approximate the Easiness-to-reach dimension by using population density and
population share each county represents in the state. Higher levels of population density are
assumed to impose difficulties for the U.S. Census to be accurate. Similarly, large population
counties would impose difficulty in counting all individuals. Another geography-related
characteristic is the Accuracy of the Master Address File to identify every housing unit accurately.
To measure this factor, we use the share of housing units unable to be geocoded by the U.S.

Census Local Update of Census Addresses (LUCA) from the U.S. Census Bureau (2021).

The third dimension considers Census features and embraces the Marketing Strategies
and Interviewer/technological accessibility factors. The first is measured using the share of the
ACS 5-year housing unit nonresponse by refusal. It is expected, therefore, that higher refusal
levels would increase undercounting. The second factor in this dimension is measured with the
share of the ACS 5-year housing unit nonresponse by other reason than refusal U.S. Census

Bureau (2022b).

Each of the variables used here is assumed to explain the level of undercounting or
overcounting in a one-way relationship. In other words, when a variable increases, it is expected
to either increase the likelihood of being undercounted or decrease it, but not both. This report
will present the county-level estimates for Texas. Therefore, since Texas presented an
undercounting, the following sections of this report will focus on the estimation of undercounting
at the county level. Table 3 presents a one-way relationship for each of the variables with

undercounting.



Table 3
Expected effect of each variable in undercounting

Variable Expected Effect

i) Cohesiveness by clustering (%) Less undercounting
ii) Volunteering (%) Less undercounting
iii) Population density (hundreds of people per km?) More undercounting
iv) Population share (%) More undercounting
v) Addresses unable to be geocoded in the county (%) More undercounting
vi) ACS 5-year nonresponse rate by refusal (%) More undercounting
vii) ACS 5-year nonresponse rate by other than refusal (%) More undercounting

Note: The effect is the type of change expected regarding undercounting when each variable
increases. This relationship was reviewed and determined by the Texas Census Institute Advisory
Board.

3.2. Summary statistics

Cohesiveness by clustering and Volunteering have a "Less undercounting" relationship with
undercounting. Then, they are modified to associate them directly with undercounting. Since
they are percentages—on a scale from 0 to 100—a natural way to modify them is by using the
distance of each of them to the maximum value. Population density is here expressed in
hundreds of people per km?, which makes them have the highest of 11.45 people per km?2. Since
this number lies between the traditional 0 to 100 scale, we proceed with no further adjustments.
The remaining variables are expressed in percentages of what they are intended to measure.

Table 4 presents the summary statistics of the main variables.

Table 4

Summary statistics of main variables

Variable Obs. Mean Std. Dev Min. Max.
i) Cohesiveness by clustering (%, distance to 100) 245 88.95 1.76 79.89 92.30
ii) Volunteering (%, distance to 100) 245 93.3 3.96 69.13 98.89
iii) Population density (hundreds of people per km?) 254 0.45 1.32 0.00 11.45
iv) Population share (%) 254 0.39 1.42 0.00 16.51
v) Addresses unable to be geocoded in the county (%) 254 3.97 3.51 0.00 32.88
vi) ACS 5-year nonresponse rate by refusal (%) 254 6.73 4.40 0.20 36.90
vii) ACS 5-year nonresponse rate by other than refusal (%) 254 8.99 4.83 0.20 32.80




Note: There is no information for the following nine counties regarding Cohesiveness by clustering and
Volunteering: Borden, Hartley, Kenedy, Kent, King, Loving, Motley, Roberts, and Terrel. The minimum values of
Population density and Population share are not zero but a minimal number.

As expected, the population density and share variables are related, with a correlation coefficient
of 0.9356. However, this relationship does not impose any statistical problem since both are used
to measure the same Easiness-to-reach factor. The rest of the variables do not present a high
correlation among them. Suggesting our selection of variables, factors, and dimensions is
statistically appropriate and do not impose a substantial weight on any set of variables by double-

counting them. Table 5 shows the correlation matrix of the variables used here.

Table 5

Pairwise correlation of main variables

Variable i) i) iii) iv) V) vi) vii)
i) Cohesiveness by clustering (%, distance to 100) 1.000

ii) Volunteering (%, distance to 100) -0.039  1.000

iii) Population density (hundreds of people per km?) 0.425 0.089  1.000

iv) Population share (%) 0371 0.096 0.936  1.000

v) Addresses unable to be geocoded in the county (%) 0.266  0.149 0.112 0.085  1.000

vi) ACS 5-year nonresponse rate by refusal (%) 0.008 0.040 0.005 0.020 0.018  1.000

vii) ACS 5-year nonresponse rate by other than refusal (%) -0.005 0.094 -0.046 -0.019 0253 0.273  1.000

Note: There is no information for the following nine counties regarding Cohesiveness by clustering and Volunteering:
Borden, Hartley, Kenedy, Kent, King, Loving, Motley, Roberts, and Terrel.

4. Methodology

4.1. Measuring a county-level index for undercounting and overcounting

The main goal of building an index for the counties is to use it to know how much of the state-
level undercounting can be attributed to each county. Whatsoever, the total measure is a net
value that might contain both overcounting and undercounting at the county level. Therefore,

we take the 90% confidence interval of the official state-level undercounting as lower and upper



boundaries. The proportionally-weighted index proposed here would capture only
undercounting for the Texas case, for which the undercounting is -1.92% with a 90% confidence
interval between -3.27% and -0.57%. Due to the focus on the Texas case of undercounting, the
following methodological approach takes positive terms to express undercounting and negative
for overcounting. The county-level index CLI for county c in state s at year t is estimated as
shown in Equation 1.1

Zd Dd,c,s,t (1)

CLI s = 3

Where D s+ is the dimension subindex for each of the dimensions d =
(personal, geographical, census feeature) for county c in state s at year t. It is divided by
three since it is an equally-weighted index to avoid over-or under-weighting across factors. The

subindex Dy . s ¢ is estimated as in Equation 2.

_ Zf Ff,d,c,s,t (2)
Dgcst = T

Where Fr ;. is the average of the variables in each factor belonging to each dimension for
county c in state s at year t (social capital and social exchange for the personal dimension;
easiness-to-reach and accuracy in MAF for the geographical dimension; and marketing strategies
and int/tech accessibility for the Census features dimension). It is divided by two since it is an
equally-weighted index to avoid over-or under-weighting across factors. The original variables

are standardized by dividing the difference of each value with respect to the mean by the

1 We acknowledge that this is a starting point and would appreciate it if the reader takes any interpretation with
cautious, according to the assumptions described along this report.



variable's standard deviation. This way, the original variables are first used as standard deviation

units to the state mean.

4.2. Estimation of the undercounting and overcounting
The CLI. s is therefore summarizing the dimensions, which are, at the same time, embracing its

factors. Then, Equation 1 and Equation 2 can be summarized as in Equation 3.

F, 3
CL, ., = Xd Zf6f,d,c,s,t (3)

CLI, . is an average of the mean-standardized version of the variables. Then, we adjust its
distribution to match the official state-level undercounting. The adjustment is performed by
dividing the CLI_ ;. by the county-level index's maximum (or minimum) value when it has positive
(or negative) values. This allows a dispersion between -1 and 1, which is multiplied by the
absolute figures of the difference between the upper and lower bounds of the 90% confidence
interval and the mean undercount. Let us call the adjusted index CTJc,s,t- Therefore, the

undercount for county c in state s at year t is calculated as in Equation 4.

undercount, g, = (0.0192 + CLI, ) X population, (4)

Where undercount.s, represents the population being undercounted when positive and

overcounted when negative.
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5. Results

The average county-level undercounting share is 1.52%, with a minimum of 0.46% and a
maximum of 2.64%. In terms of the number of undercounted people, we found counties have an
undercount of 6 to 117,073, with an average undercount of 2,237 people by county. Table 6

presents the main summary statistics.

Table 6

Summary statistics of undercounting across Texas' counties by data handling method

Variable Obs. Mean Std. Dev Min. Max.
Undercounting, % 245 0.015 0.003 0.005 0.026
Undercounting, population 245 2,237 9,445 6.000 117,073

Note: There is no information for the following nine counties regarding Cohesiveness by clustering and
Volunteering: Borden, Hartley, Kenedy, Kent, King, Loving, Motley, Roberts, and Terrel.

Figure 1 presents the distribution for the county-level undercounting share and (the log of)
undercounting estimates in Panel a) and Panel b), respectively. Both panels show that our
estimates are not skewed. It is important to emphasize that the mean and 90% confidence
interval from the official U.S. Census Bureau undercounting state-level estimates are used first
to estimate our undercounting share measure. Then, the distribution of our estimates might be
considered moderate—or conservative—since the real undercounting at the county level might

go out of the 90% confidence interval.

a) b)
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Figure 1 Distribution of the undercounting share and undercounting in Texas' counties.

Figure 2 presents the geographical distribution of undercounting across the 245 counties with
available data for all the variables. Panels a) and b) in Figure 2 present each county's
undercounting percentage and total values, respectively. The maps present seven bins for their
colors. At first sight, Panel a) in Figure 2 depicts darker colors in densely populated areas (such
as those of Austin, Dallas, Houston, and San Antonio) and the U.S.-Mexico border. This suggests
that the intensity of undercounting (expressed in percentage terms) is higher in those areas. On
the other hand, when studying the counties' undercounting estimates, Panel b) presents a
different story. As intuitively expected, Panel b) in Figure 2 shows how undercounting is higher

in volume terms in highly populated counties and just a few counties on the U.S.-Mexico border.
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a) b)

Undercounting by county, % Undercounting by county

Undercounting bins

(2,022 - 117.073]
(721-2022)
(336-721]

(227-336]
(121-227)
(59-121]
[6-59]
No data

Undercounting
(.0179,.0264]
(.0163,.0179]
(0156,0163]

(.0146,.0156]
(0138,.0146]
(0126,0138]
[.0046..0126]
No data

Figure 2 Geographical dispersion of the undercounting share and undercounting in Texas.

Table 7 presents the names and values of the top and bottom 20 counties in terms of
undercounting. This table confirms the intense undercounting in the Austin (Travis, Williamson,
Bell, and McLennan counties), Dallas (Dallas, Tarrant, Collin, and Denton), Houston (Harris, Fort
Bend, Montgomery, Brazoria, and Galveston counties, and San Antonio (Bexar County) areas, and
in those counties located in the U.S.-Mexico border—which also have a high undercounting in
terms of population.? For instance, some of the counties in the U.S-Mexico border presenting
darker color in both maps are El Paso, Hidalgo, Cameron, and Webb counties (where famous
border cities such as El Paso, McAllen, Laredo, and Brownsville are located, respectively). In
summary, from the Top-20 undercounted counties, 14 are part of large metropolitan areas, and
4 are on the U.S.-Mexico border. The other two counties, Lubbock and Webb, are located in the

north and south of Texas, respectively.

2 The entire list of counties and their undercounting measures is presented as Appendix.
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The conjunct analysis of the maps in Figure 2 and lists in Table 7 allows us to observe why
we should not rely only on one of the maps or on one of the extremes of the list when counties
are ranked. For example, Culberson County (the third county from left to right in the maps) has
remarkably different colors in the two panels, and Table 7 helps us clarify why. Culberson county

has a relatively high share of undercounting (1.80%), but only 40 people were undercounted.

Table 7

Top and bottom 20 undercounted Texas counties.

County Pop. Und. % Und. County Pop. Und. % Und.
a) Top 20 b) Bottom 20

Harris 4,602,523 117,073 2.54%  Hardeman 3,952 42 1.06%
Dallas 2,586,552 58,165 2.25%  Hall 3,074 41 1.32%
Tarrant 2,019,977 42,047 2.08%  Culberson 2,241 40 1.80%
Bexar 1,925,865 40,404 2.10%  Cochran 2,904 39 1.34%
Travis 1,203,166 23,270 1.93% Dickens 2,216 36 1.63%
Collin 944,350 17,791 1.88% Collingsworth 2,996 35 1.18%
Hidalgo 849,389 16,250 1.91% Edwards 2,055 35 1.70%
El Paso 837,654 16,132 1.93%  lJeff Davis 2,234 35 1.55%
Denton 807,047 14,963 1.85%  Oldham 2,090 32 1.51%
Fort Bend 739,342 14,827 2.01%  Glasscock 1,430 31 2.20%
Montgomery 554,445 10,706 1.93% Menard 2,123 30 1.42%
Williamson 527,057 10,053 1.91%  Armstrong 1,916 25 1.29%
Cameron 421,750 7,445 1.77%  Stonewall 1,385 20 1.47%
Brazoria 353,999 6,414 1.81%  Briscoe 1,546 20 1.31%
Bell 342,236 6,394 1.87%  Sterling 1,141 20 1.72%
Nueces 360,486 6,390 1.77%  Cottle 1,623 19 1.18%
Galveston 327,089 5,613 1.72%  lIrion 1,524 18 1.21%
Lubbock 301,454 4,961 1.65%  Throckmorton 1,567 18 1.12%
Webb 272,053 4,864 1.79%  McMullen 662 11 1.61%
McLennan 248,429 3,936 1.58%  Foard 1,408 6 0.46%

Note: The data is ranked by the undercounting (Und.) values.

5.1. County-level correlations
This subsection provides an overview of the correlation of our estimates to its original theoretical

determinants and relevant socioeconomic variables. The former analysis will help us identify
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whether our estimates are disproportionately accounted for, regardless of their proportional
weights and if some of the variables exert a significant role in explaining undercounting. The
latter analysis might help us understand the social and economic features surrounding

undercounting.

As a starting point, the correlation between the undercounting share and the seven
original variables lies between 0.45 and 0.59. The similar correlation of the seven variables to the
share of undercounting provides evidence in favor of the robustness of our approach in using
variables almost equally crucial in determining undercounting. However, interpreting the
correlation coefficients between the estimated undercounted people by county and the seven
original variables must be taken with caution since the estimate of undercounted people is the
product of counties' population and the share of undercounting. Therefore, the estimated
undercounted population will automatically correlate with the counties' population share (0.99)
and population density (0.90). Interestingly, the estimate of undercounted people is not related
to four of the other five variables (volunteering, addresses unable to be geocoded in the county,
ACS 5-year nonresponse rate by refusal, and ACS 5-year nonresponse rate by other than refusal)
with correlation coefficients from -0.01 to 0.09; but slightly—if something—related to the

Cohesiveness by clustering variable, with a correlation coefficient of 0.33.

The methodological approach presented is limited to the availability of reliable data at
the county level for each of the seven theoretical determinants. Therefore, to further assess the

relationship of the county-level undercounting to demographic characteristics and the Census
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implementation. Correlation coefficients are estimated for different population categories

according to age, race, and the Census response method (see Table 8).

Table 8

Correlation of the share of undercounting with relevant variables in Texas.

Category Corr. Coef. Category Corr. Coef.
a) Age Group b) Race

Below 5 0.1309 White -0.1802

5-9 0.1660 Black -0.0018

10-14 0.1770 Asian 0.3970

15-19 0.1944 Hispanic 0.2566

20-24 0.2408 Cuban 0.1618

25-34 0.3349 Mexican 0.2344

35-44 0.3070 Puerto Rican 0.2420

45-54 0.1437 Other origin 0.2619

55-59 -0.2680

60-64 -0.2391 c) Census Self-Response Rate

65-74 -0.4013

75-84 -0.4566 Internet 0.4719

85+ -0.4543 Phone and mail -0.5522

Note: The Age Group and Race categories are obtained from the 5-year ACS Demographic
and Housing Estimates. The Phone and mail category of the Census Self-Response Rate is
the result of subtracting the internet from the Overall Self-Response Rate. Each category
represents the share of the total county-level population for the indicated population.

Panel a) in Table 8 shows that the share of people in groups below 54 years old is positively
associated with higher undercounting, and groups above 55 years and older are negatively
associated with undercounting. These findings might reflect the relevance and participation given
to the Census by older groups of people. Similarly, this might arise since younger population
groups are more likely to be part of the labor force and not to be available to respond to the
Census or to be counted appropriately. The population groups below 54 years present an inverse-
U relationship to undercounting, with its maximum correlation estimate for those 25-34 years
old (0.3349). On the other hand, the negative relationship to undercounting increases as

population groups get older, with its maximum in the 75-84 group (-0.4566). These results are
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robust to those presented by the Census Demographic Analysis in which younger groups are
associated with undercounting, and older groups above are inversely related to it (Jensen &

Kennel, 2022).

Regarding racial categories, the share of white people is negatively related to the
counties' undercounting share, with a correlation coefficient of -0.1802. Suggesting that white
people might be less likely to be undercounted. The share of the Black population in the counties
is technically not related to undercounting, with a correlation estimate of -0.0018. On the other
hand, the Asian and Hispanic population's shares are positively associated with a higher
undercounting share, with a correlation coefficient of 0.3970 and 0.2566, respectively. When
studying the Hispanic population, the share of those not from Puerto Rico, Cuba, or Mexico is
associated with a higher counties' undercounting share (0.2619)—closely followed by Puerto Rico
and Mexico, with correlation coefficients of 0.2420 and 0.2340. The correlation between our
undercounting shares and racial groups coincides with those of the Census Post-Enumeration
Survey, in which the Hispanic population is associated with higher undercounting, and the white

population has the opposite relationship (Jensen & Kennel, 2022).

Our estimates can also be compared to the self-response rates of the 2020 U.S. Census.
In this regard, it is important to signal that the last Census was the first one in which it was
implemented via the Internet (Bates, 2017). Our county-level undercounting share has a strong
and positive correlation coefficient to the share of people that self-responded via the internet
(0.4719) and a strong and negative value with the share that self-responded via traditional

methods, such as telephone and mail (-0.5522). While these findings unveil some plausible risks
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from implementing the Census online, we encourage the reader to take this with caution since a
causal statement should not arise from this analysis. Instead, we encourage future research lines

to study the causal mechanisms driving the undercounting and overcounting in the United States.

6. Concluding remarks

In this report, we propose a practical methodology to estimate Census undercounting at the
county level and present its main results for Texas and Texas' population groups—categorized by
age, race, and Census self-response method. To do so, we account for personal, geographical,
and Census features dimensions to first build a theory-based model with determinants of
undercounting. Then, we estimate a proportionally-weighted index to allocate counties along the

90% confidence interval of the state-level undercounting provided by the Census.

Texas' estimates suggest intense undercounting—in terms of undercounting share—
occurs in the Austin (Travis, Williamson, Bell, and McLennan counties), Dallas (Dallas, Tarrant,
Collin, and Denton), Houston (Harris, Fort Bend, Montgomery, Brazoria, and Galveston counties,
and San Antonio (Bexar County) areas. Moreover, undercounting is observed in those counties
located on the U.S.-Mexico border (El Paso, Hidalgo, Cameron, and Webb County, where El Paso,
McAllen, Laredo, and Brownsville are located)—which also have a high undercounting in terms

of population.

The county-level dynamics across age groups and race categories suggest this approach
is robust to the overall dynamics found by the U.S. Census Demographic Analysis and Post-
Enumeration Survey. Our analysis suggests that the share of the population in younger groups is

associated with higher undercounting and that the share of older groups is inversely related to
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undercounting. We also find that the counties' share of white people is inversely associated with
undercounting, and the share of the Hispanic population is associated with higher levels of
undercounting. Moreover, we identified a positive relationship between the counties' Census
self-response rates via the internet and our estimates of the share of undercounting, which might
be the result of undercounting occurring in counties where the access to the internet is limited
or just of the lack of strong participation of people via the internet. Our theory-based approach
aims to be a cornerstone in the alternative estimation of undercounting and overcounting. More
research is recommended to obtain a comprehensive understanding of undercounting and

overcounting.
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Appendix

Table A1

Texas' counties undercounting.

County Pop. Und. % Und. County Pop. Und. % Und.
Harris 4,602,523 117,073 2.54% Pecos 15,797 262 1.66%
Dallas 2,586,552 58,165 2.25% Scurry 17,239 261 1.51%
Tarrant 2,019,977 42,047 2.08% DeWitt 20,435 260 1.27%
Bexar 1,925,865 40,404 2.10% Hutchinson 21,571 257 1.19%
Travis 1,203,166 23,270 1.93% Young 18,114 252 1.39%
Collin 944,350 17,791 1.88% Karnes 15,387 248 1.61%
Hidalgo 849,389 16,250 1.91% Montague 19,409 247 1.27%
El Paso 837,654 16,132 1.93% Lee 16,952 243 1.43%
Denton 807,047 14,963 1.85% Tyler 21,496 235 1.09%
Fort Bend 739,342 14,827 2.01% Nolan 14,966 234 1.57%
Montgomery 554,445 10,706 1.93% Robertson 16,890 231 1.37%
Williamson 527,057 10,053 1.91% Lavaca 19,941 231 1.16%
Cameron 421,750 7,445 1.77% Moore 21,801 227 1.04%
Brazoria 353,999 6,414 1.81% Trinity 14,569 227 1.56%
Bell 342,236 6,394 1.87% Madison 14,128 205 1.45%
Nueces 360,486 6,390 1.77% Zavala 12,131 200 1.65%
Galveston 327,089 5,613 1.72% Comanche 13,495 196 1.45%
Lubbock 301,454 4,961 1.65% Eastland 18,270 194 1.06%
Webb 272,053 4,864 1.79% Dawson 12,964 190 1.47%
McLennan 248,429 3,936 1.58% Ward 11,586 190 1.64%
Hays 204,150 3,818 1.87% Morris 12,424 185 1.49%
Brazos 219,193 3,605 1.64% Callahan 13,770 185 1.34%
Jefferson 255,210 3,514 1.38% Lamb 13,262 183 1.38%
Midland 164,194 3,295 2.01% Jackson 14,820 178 1.20%
Smith 225,015 3,205 1.42% Blanco 11,279 178 1.58%
Ector 158,342 3,016 1.90% Terry 12,615 175 1.39%
Ellis 168,838 2,870 1.70% Rains 11,473 172 1.50%
Johnson 163,475 2,775 1.70% Dimmit 10,663 172 1.61%
Guadalupe 155,137 2,696 1.74% Somervell 8,743 168 1.92%
Comal 135,097 2,451 1.81% Camp 12,813 167 1.30%
Randall 132,475 2,189 1.65% Zapata 14,369 165 1.15%
Taylor 136,348 2,144 1.57%  Franklin 10,679 164 1.53%
Kaufman 118,910 2,131 1.79% Live Oak 12,123 163 1.34%
Wichita 131,818 2,115 1.60% Brewster 9,216 162 1.75%
Parker 129,802 2,072 1.60% Wilbarger 12,906 161 1.25%
Grayson 128,560 1,972 1.53% Red River 12,275 156 1.27%
Tom Green 117,466 1,960 1.67% Parmer 9,852 155 1.57%
Potter 120,899 1,920 1.59% Newton 14,057 152 1.08%
Gregg 123,494 1,854 1.50% Duval 11,355 146 1.28%
Rockwall 93,642 1,758 1.88% Marion 10,083 139 1.38%
Victoria 91,970 1,493 1.62% Ochiltree 10,348 138 1.33%
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Liberty
Hunt
Bastrop
Bowie
Henderson
Coryell
Walker
Angelina
San Patricio
Wise
Maverick
Starr
Nacogdoches
Orange
Harrison
Waller
Anderson
Medina
Valverde
Hood
Kendall
Atascosa
Rusk
Wilson
Cherokee
Erath

Van Zandt
Hardin
Kerr
Burnet
Lamar
Chambers
Navarro
Howard
Caldwell
Jim Wells
Cooke
Polk
Wood
Upshur
Wharton
Hopkins
Kleberg
Hill
Matagorda
Washington
Titus

Bee

81,862
92,152
82,577
93,858
80,460
75,389
71,539
87,607
67,046
64,639
57,970
63,894
65,558
84,047
66,645
49,987
57,863
49,334
49,027
56,901
41,982
48,828
53,595
48,198
51,903
41,482
54,368
56,379
51,365
45,750
49,532
40,292
48,583
36,667
41,401
41,192
39,571
47,837
43,815
40,769
41,551
36,240
31,425
35,399
36,743
34,796
32,730
32,691

1,465
1,444
1,312
1,299
1,294
1,183
1,148
1,144
1,093
1,092
1,048
1,019
988
970
960
949
944
925
908
908
829
825
803
800
791
780
755
741
723
720
714
693
680
663
658
635
615
611
611
597
593
573
567
531
529
520
515
510

1.79%
1.57%
1.59%
1.38%
1.61%
1.57%
1.60%
1.31%
1.63%
1.69%
1.81%
1.59%
1.51%
1.15%
1.44%
1.90%
1.63%
1.87%
1.85%
1.60%
1.98%
1.69%
1.50%
1.66%
1.52%
1.88%
1.39%
1.32%
1.41%
1.57%
1.44%
1.72%
1.40%
1.81%
1.59%
1.54%
1.56%
1.28%
1.39%
1.46%
1.43%
1.58%
1.80%
1.50%
1.44%
1.49%
1.57%
1.56%

Winkler
Clay
Runnels
Archer
Sabine
Presidio
LaSalle
Dallam
Yoakum
San Augustine
Stephens
Hamilton
Bailey
Martin
Hudspeth
Jack
McCulloch
Coleman
Mitchell
Brooks
Goliad
Crosby
Hansford
Castro
Lynn
Delta
Swisher
Garza
San Saba
Floyd
Crane
Refugio
Childress
Haskell
Mills
Wheeler
Carson
Hemphill
Concho
Sutton
Mason
Knox
Fisher
Real
Reagan
Kinney
Kimble
Coke
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7,802
10,387
10,310
8,789
10,458
7,123
7,409
7,243
8,571
8,327
9,372
8,269
7,092
5,614
4,098
8,842
8,098
8,391
8,558
7,180
7,531
5,861
5,547
7,787
5,808
5,215
7,484
6,288
5,962
5,872
4,839
7,236
7,226
5,809
4,902
5,482
6,032
4,061
4,233
3,865
4,161
3,733
3,883
3,389
3,752
3,675
4,408
3,275

136
135
132
132
129
125
121
121
121
118
118
111
111
110
108
108
102
100
100
91
90
86
85
85
85
83
83
81
81
78
76
75
74
73
68
68
65
62
62
60
60
60
59
56
56
55
55
53

1.74%
1.30%
1.28%
1.50%
1.23%
1.75%
1.63%
1.67%
1.41%
1.42%
1.26%
1.34%
1.56%
1.97%
2.64%
1.22%
1.26%
1.20%
1.17%
1.27%
1.20%
1.47%
1.53%
1.09%
1.46%
1.60%
1.11%
1.29%
1.36%
1.33%
1.58%
1.04%
1.02%
1.26%
1.39%
1.23%
1.07%
1.54%
1.47%
1.56%
1.43%
1.59%
1.52%
1.66%
1.49%
1.49%
1.24%
1.63%



Fannin 34,175 509 1.49% Crockett 3,633 53 1.47%

Uvalde 27,009 497 1.84% Shackelford 3,311 52 1.58%
Brown 37,834 496 1.31% Jim Hogg 5,282 52 0.99%
Grimes 27,630 489 1.77% Sherman 3,058 52 1.70%
Hale 34,113 485 1.42% Upton 3,634 50 1.37%
Austin 29,565 465 1.57% Schleicher 3,061 47 1.55%
Cass 30,087 417 1.39% Lipscomb 3,469 47 1.35%
San Jacinto 27,819 417 1.50% Baylor 3,591 45 1.25%
Palo Pinto 28,317 409 1.45% Donley 3,387 42 1.25%
Jasper 35,504 403 1.14% Hardeman 3,952 42 1.06%
Milam 24,664 399 1.62% Hall 3,074 41 1.32%
Willacy 21,754 388 1.78%  Culberson 2,241 40 1.80%
Aransas 24,763 387 1.56% Cochran 2,904 39 1.34%
Gillespie 26,208 379 1.45% Dickens 2,216 36 1.63%
Gaines 20,321 362 1.78% Collingsworth 2,996 35 1.18%
Hockley 23,162 340 1.47% Edwards 2,055 35 1.70%
Calhoun 21,807 332 1.52% Jeff Davis 2,234 35 1.55%
Shelby 25,478 332 1.30% Oldham 2,090 32 1.51%
Bandera 21,763 330 1.52% Glasscock 1,430 31 2.20%
Jones 19,891 329 1.65% Menard 2,123 30 1.42%
Limestone 23,515 329 1.40% Armstrong 1,916 25 1.29%
Andrews 17,818 309 1.74% Stonewall 1,385 20 1.47%
Gray 22,685 305 1.34% Briscoe 1,546 20 1.31%
Frio 19,394 304 1.57% Sterling 1,141 20 1.72%
Houston 22,955 303 1.32% Cottle 1,623 19 1.18%
Panola 23,440 300 1.28% Irion 1,524 18 1.21%
Fayette 25,066 297 1.18% Throckmorton 1,567 18 1.12%
Freestone 19,709 290 1.47% McMullen 662 11 1.61%
Lampasas 20,640 290 1.40% Foard 1,408 6 0.46%
Bosque 18,122 285 1.57% Borden 665

Llano 20,640 284 1.38% Hartley 5,767

Reeves 15,125 283 1.87% Kenedy 595

Gonzales 20,667 278 1.35% Kent 749

Leon 17,098 277 1.62% King 228

Burleson 17,863 277 1.55% Loving 102

Colorado 21,022 275 1.31% Motley 1,156

Deaf Smith 18,899 269 1.43% Roberts 885

Falls 17,299 269 1.56% Terrell 862

Note: Nine counties with no information Cohesiveness by clustering and Volunteering are excluded from the
estimation procedures: Borden, Hartley, Kenedy, Kent, King, Loving, Motley, Roberts, and Terrel.
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