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Big data has been fruitfully leveraged as a supplement for survey data—
and sometimes as its replacement—and in the best of worlds, as a “force
multiplier” to improve survey analytics and insight. We detail a use case,
the big data classifier (BDC), as a replacement to the more traditional
methods of targeting households in survey sampling for given specific
household and personal attributes. Much like geographic targeting and
the use of commercial vendor flags, we detail the ability of BDCs to pre-
dict the likelihood that any given household is, for example, one that
contains a child or someone who is Hispanic. We specifically build 15
BDCs with the combined data from a large nationally representative
probability-based panel and a range of big data from public and private
sources, and then assess the effectiveness of these BDCs to successfully
predict their range of predicted attributes across three large survey data-
sets. For each BDC and each data application, we compare the relative
effectiveness of the BDCs against historical sample targeting techniques
of geographic clustering and vendor flags. Overall, BDCs offer a modest
improvement in their ability to target subpopulations. We find classes of
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predictions that are consistently more effective, and others where the
BDCs are on par with vendor flagging, though always superior to geo-
graphic clustering. We present some of the relative strengths and weak-
nesses of BDCs as a new method to identify and subsequently sample
low incidence and other populations.

KEYWORDS: Big data; Machine learning; Sampling.

1. INTRODUCTION

Nonresponse error is one of the most significant concerns today in survey
research. Response rates have plummeted over the past 30 years (Czajka and
Beyler 2016; Williams and Brick 2018; Leeper 2019; Kennedy and Hartig
2019) from about (for telephone surveys) the mid-30 percent range to under
ten and even five percent. This has raised concerns not only about the very
nature of probability samples (Gelman 2012) but has also driven up costs as
many more sample elements need to be worked to attain even a single inter-
view. While samples have not become appreciably worse in demographic rep-
resentation, in general, they are consistently too educated, too old, and
typically too White, both for telephone surveys (Dutwin and Buskirk 2021)
and multimode (mail push-to-web and outbound telephone) address-based
samples (Sherr et al. 2010; CHIS 2019).

Regarding nonresponse error, researchers have sought many different ways
to attain more representative samples. Designed materials used in multimode
address-based sampling, for example, have sought to encourage Americans
with relative low response propensities to participate, and a fair amount of
work has sought to increase participation of Spanish speakers (Trussell 2010;
Ventura et al. 2018; Hughes 2019). Research into differential incentives has

Statement of Significance

Survey sampling has long utilized geographic clustering and vendor flags to increase

the survey incidence of various target populations. Each of these methods has its limi-

tations. A third approach, that of utilizing big data to more precisely target survey

populations of interest, is in its infancy. There has been no systematic evaluation of

this new methodology, particularly as to whether it offers significant improvement to

survey sampling compared to more traditional and historical approaches. We provide

an evaluation that spans the development and application of 15 different big data clas-

sifiers (BDCs), replicated over three test datasets. In most cases, BDCs are more effec-

tive than other methods at targeting populations when selecting probability samples,

leading to greater sampling efficiency and likely lower costs.
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also attempted to increase participation from persons with low response pro-
pensities (Singer et al. 1999; Singer and Ye 2013). Historically, a more effica-
cious approach has been using stratified sampling techniques to boost the
probability of selecting groups anticipated to be underrepresented in final sam-
ples of completed interviews. Sample stratification is a decades-old approach
(Kish 1965; Kalton and Anderson 1986; Dutwin et al. 2014; Dutwin and
Lopez 2014; Lohr 2022) whereby certain sample elements are given a higher
probability of selection than others. This has been executed over the years a
priori, or via adaptive design (Thompson 1997). Either way, the challenge of
mitigating nonresponse error, particularly regarding a priori sample stratifica-
tion, has been the lack of data on households prior to interviewing. Moreover,
while there are techniques (geographic clustering and vendor flagging, as
described later) to make guesses as to the makeup of householders prior to
sampling, such techniques are varyingly effective: while helpful, they are also
characterized by problems with false-positive rates. What if there were a better
way to predict who lives where, and thus, samples could be more effectively
targeted based on accurately predicted demographics and even other attributes
of households and householders?

Enter the promise of big data classifiers (BDCs). BDCs are a product of
methods that utilize multiple sets of available data from public and commercial
sources to predict any number of household and householder attributes, from
demographics to attitudes and even behaviors. If such predictions can offer
superior performance compared to historical sample stratification techniques,
they could increase sampling efficiency and produce samples with lower sur-
vey nonresponse error. In the case of screening studies, where only a subset of
the general population qualifies to be interviewed, BDCs may not only increase
the effectiveness of targetability but significantly reduce costs and weighting
variance.

In this article, we report on the building of BDCs to predict 15 different
demographic or household attributes in the use of sample targeting and nonres-
ponse error reduction in general population samples. We then assess their effi-
cacy by applying them to three separate national datasets. We conclude by
discussing the trade-offs of using BDCs by considering test set performance.
Our research should offer researchers a clear picture of the consistencies and
variabilities of BDCs across many predictions and different data applications.

2. A BRIEF HISTORY OF POPULATION TARGETING

Disproportionate stratified sampling techniques to target and oversample popu-
lations of interest (Groves et al. 2009) have been around for over 70 years
(Cochran 1961). The two principal techniques in the United States are (1) the
employment of Census data for populations that geographically cluster (Lohr
2022) and (2) using preconstructed sample vendor “flags” (Barron et al. 2015)
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that indicate that a household likely holds a member falling into the class of
the flag (e.g., Hispanic/not-Hispanic). These techniques are applicable to both
RDD and address-based samples, though use within address-samples, as we
investigate in this article, offer a more direct application since the data used in
these techniques is principally based on address.

Geographic clustering can be an effective way to increase survey incidence
for populations that cluster, as is the case for particular ethnic and racial popu-
lations like Hispanics in the United States (Dutwin and Lopez 2014; Howell
et al. 2020). In short, while it is not known whether a specific household
includes a Hispanic adult from such data, it is known what percent of house-
holds in a given Census block group, some 1,000 households on average, are
Hispanic. Ergo, block groups with high incidence of Hispanic households can
be oversampled relative to block groups with low Hispanic incidence. While
effective, geographic clustering still produces plenty of instances of reaching
non-Hispanic households in a block group high in Hispanic incidence, for
example. Notably, the technique only works insofar as a population clusters.
For instance, using geographic clustering to oversample young persons, who
do not robustly cluster geographically (United States Census Planning
Database 2021), is ineffective. And one cannot use geographic clustering to
target populations for which the Census has no data, such as for religious
groups, people with specific political party identification, or persons who con-
sume marijuana.

A second sample targeting technique, the use of vendor flags (Barron et al.
2015; English et al. 2019), is in some ways more optimal than geographic clus-
tering, but has its own unique shortfalls as well. Vendor flags are indicators
provided by sample and/or commercial data vendors. They have the advantage
of making predictions often at the household or person level, compared to
Census block group aggregations as in the case of targeting by geographic
clustering. However, most flags are built with a mix of input data, and the tech-
niques and variables that are used as inputs are not accessible to survey
researchers. The process of generating flags is a proprietary black box utilizing
data vendors’ own algorithms to arrive at their predictions. And, in our experi-
ence, the predictions may differ across subsets.

Take, for example, most predictions of political party affiliation: in states
where one can register for a political party, the data input into the flag is quite
direct and exact; but for states where one does not register for a political party,
it will typically be the case that a household is, at best, only predicted to be of
a certain political party because the majority of households in that given pre-
cinct voted for one party versus another. Thus, while vendor flags can be
attainable at the household and/or individual level, the data and method used to
build the flags are opaque. Further, it is unclear to what degree vendor flags are
up to date at any given time; as people move, it takes time for the flags to fol-
low them. Finally, it is the case that vendor flags typically have both unit and
item nonresponse issues. Valliant et al. (2014, table 2) estimated that 21.5
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percent of the housing units were missing from commercial databases, whereas
West et al. (2015) found a match rate ranging from 72.9 to 82.4 percent,
depending on the vendor from which the flag was purchased. Furthermore,
West et al. (2015) illustrated a wide range of item nonresponse rates from a
number of vendors, from less than 10 percent for head of household to nearly
30 percent for the Hispanic indicator. Pasek et al. (2014) note that compara-
tively, different vendors flag different households on the same indicator. All of
these findings present challenges for the use of vendor flags for sample
targeting.

On the other hand, vendor flags offer a much greater range of possibilities
for targeting compared to geographic clustering. First, they do not have to rely
on aggregation at the block group or other levels. Second, there are many more
indicators available. Common examples of household- or member-level vendor
flag appends include matching telephone numbers associated with an address
(Olson and Buskirk 2015), or indicators for the number of adults in a house-
hold (Roth et al. 2018), home tenure (Roth et al. 2018), the presence of chil-
dren (English et al. 2014), or demographics such as age, race/ethnicity, or
income (Roth et al. 2018; Pasek et al. 2014; DiSogra et al. 2010). It is clear
that both the match-rate and accuracy of appended data vary depending on the
variable of interest and specific geography of the households in question
(Amaya et al. 2010; Pasek et al. 2014; Roth et al. 2018). Again, variability in
efficacy depends upon how the data are modeled, compiled, and appended to
an individual address (English et al. 2017).

BDCs offer a “third way,” which may offer additional advantages and fewer
disadvantages than geographic clustering and sample vendor flags. While rela-
tively new to survey research, BDCs have been employed in election cam-
paigns for some time. In 2008, Dan Wagner and the data science team within
the Obama campaign used big data for household and person targeting or clas-
sification (Issenberg 2012). The principle is simple, although there are many
complexities in practice: field a large survey to obtain a key self-reported
attribute or classification of interest and append and use big data as the source
of the independent variables in a model predicting that attribute. A new sample
can then be drawn for a future study, big data appended, and the sample
“scored” with predicted values from the prebuilt classifier model for whatever
attribute was modeled. Wagner fielded surveys to gather two self-reported
dependent variables: whether people intended to vote and which candidate
they supported. Models were then built with as many as 1,000 variables from
voter registration files and other databases—a task any machine learning model
can easily handle. Once built, those models can subsequently be applied or
“scored” to any household or person for which the same big data can be
acquired. Political campaigns across the political spectrum have leveraged this
technique to identify which households to approach with campaign interven-
tions: those still potentially requiring persuasion to either get out to vote or to
vote for a particular candidate (Nickerson and Rogers 2014).
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Over a decade later, survey research largely has yet to incorporate a similar
technique to target survey populations of interest, with a few preliminary
efforts reported in the past. Dutwin (2020), for example, reported on the utility
of using a BDC in predicting the religion of a household for Jewish
Community studies. West et al. (2015) explored the utility of a limited amount
of commercial data and voter registration data in predicting respondent eligibil-
ity in the National Survey of Family Growth. Each showed that commercial
data could be an effective predictor of modeled attributes. Of course, the crit-
ical question concerning BDCs is: can they produce properties superior to geo-
graphic targeting and/or sample indicator vendor flags? On the face of it,
BDCs should be an improvement for two main reasons. First, geographic pop-
ulation information and sample vendor flags are a form of big data that can be
used as inputs to predictive modeling. Second, there are hundreds of big data
variables available from a range of vendors in addition to geographic targets
and appended vendor flags. As such, it behooves the survey research industry
to seek to understand the ability to build and utilize such flags to attain more
representative general population samples as well as to target hard-to-reach
populations—or any population researchers wish to survey.

Our work reported here details a comparison of BDCs against the efficacy
of geographic clustering and the use of vendor flags. We utilize a large national
probability panel to build fifteen different BDCs and then compare the efficacy
of the BDCs to clustering and flagging in three sets of survey data.

3. DATA

To uncover as many potential big data inputs as possible for our modeling, our
exercise considered as wide a range of data as possible, including, broadly
speaking, (1) publicly available federal data—including the American
Community Survey, the Census Planning Database (Census PDB), and data-
sets from the U.S. Environmental Protection Agency, Federal Emergency
Management Agency, Internal Revenue Service, and other agencies; (2) voter
registration data from companies that provide such data; (3) social media data;
and (4) general consumer data from data vendor sources.

In general, we found in our exploration of the potential to use these data that
social media was limited in its ability to be linked to randomly selected
addresses, and voter registration data held a limited number of variables spe-
cific to past voting histories and some demographics, many of which are mod-
eled. Consumer data, however, has been gaining in popularity in recent years
due to its abundance (GAO 2022). There are now dozens of companies that
can provide a range of data, including but not limited to detailed housing pur-
chase and value information, automotive purchasing behavior, social media
use, demographics, detailed and extensive financial information including pur-
chasing, travel, and investments, inferred behavior, and interest metrics (e.g.,
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cat owner, interest in woodworking), charitable and other contribution behav-
ior, detailed personal interests (classical music fan, football fan, etc.), magazine
subscriptions, inferred lifestyle metrics (impulse buyer, etc.), media channel
preferences, health metrics (conditions, healthcare data), and consumer pur-
chase behavior (apparel types, furniture, jewelry, organic, etc.). In summary,
consumer data sources offer considerable promise to those interested in target-
ing specific categories of households or individuals.

We utilized big data from two sources, the 2021 Census PDB (2021) and
data from Merkle, a commercial data aggregator and modeler. The Census
PDB is the dataset of choice for our “geographic clustering” technique, with
variables indicating the percent of every block group in the United States on
the number of households that are of a given race, ethnicity, age, educational
status, and income, as well as the share of population and households that
reside in public housing, that speak English, and other measures. Commercial
data is widely available from many different providers, and our vendor pro-
vides nearly 600 variables on a range of topics, behaviors, and attitudes, simi-
lar to the list noted earlier. Due to space limitations, we cannot detail all the
input variables here. However, we do provide a comprehensive list in an
appendix in the supplementary data online.

The dataset we used to build and initially assess the BDCs was a random
half of AmeriSpeak (NORC 2021), NORC’s probability-based research panel,
inclusive of all panelists from 2019 through 2020. AmeriSpeak panelists are
sampled from US households with a known, nonzero probability of selection
from NORC’s National Sample Frame, an area probability frame that provides
coverage of over 97 percent of US households. Panelists are recruited via mail,
phone, and in-person techniques, and any household member ages 18 and
older are eligible. AmeriSpeak reports a recruitment rate of 29 percent
(AAPOR RECR, see AAPOR 2016) and offers panelists a mode choice (web
or phone) for completion of subsequent surveys during recruitment. Overall, at
the time of analysis, there were 58,556 unique recruited household members.
AmeriSpeak is an excellent candidate for this process given the large number
of self-reported metrics available, from demographics to religious, political,
health, and financial attitudes and behaviors.

To build a dataset for training models, we link the AmeriSpeak panel data
(1) to the Census PDB using census geography and (2) to the commercial ven-
dor data if there is a person-level match between the respondent and an individ-
ual reported by the vendor. Details on this matching process can be found in
section A6.1 in the supplementary data online and in figure 1. After record
linkage and filtering, we obtain a training dataset of 10,737 unique
AmeriSpeak panelists with commercial vendor data appended. From this data-
set, we built two sets of classification models: (1) a set of models utilizing a
random half of AmeriSpeak data for training and a “holdout” random half for
testing and (2) a set of models utilizing the entire dataset to be applied to test
datasets.
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Once the BDCs were built (see section 4), they were applied to three sepa-
rate datasets for assessment. We also appended to these datasets geographic
clustering variables from the Census PDB and vendor flags from the purchased
commercial data. These datasets were (1) the other half of the AmeriSpeak
2019–2020 panelists, (2) the successful recruits from the AmeriSpeak 2021
recruitment effort, and (3) a combination of the General Social Survey 2016–
2020 panel and 2021 cross-section. For brevity, we refer the reader to more
detailed technical and methodological summaries (General Social Survey
2020; NORC at the University of Chicago 2022). These data are large random-
ized national probability samples with large sample sizes (AmeriSpeak Panel
2019–2020 test data N¼ 5,226; AmeriSpeak Mail Recruitment 2021
N¼ 8,717; GSS N¼ 5,815). The sample for the AmeriSpeak 2021 recruitment
effort was stratified by using multiple BDCs, namely, predictions on (1) speak-
ing Spanish, (2) African American, (3) Hispanic, (4) age 18–49, (5) high
school diploma or less education, and (6) child in the household. As such,
these indicators are assessed in this article. We also built additional BDCs for

Figure 1. Flowchart of the Big Data Classifier Routine.
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predicting (7) teenager in the household, (8) Asian American, (9) income under
$25,000 per year, (10) income over $100,000 per year, (11) age 65 and older,
(12) Jewish, (13) Catholic, (14) Republican, and (15) whether the household
utilized social media (Facebook or Instagram). These variables were chosen as
outcome variables given their availability as self-reported variables in the
AmeriSpeak datasets and because such variables provide a range of metrics
from core demographics to religion, political party identification, and social
media use. Each of these models has been developed by NORC for use either
in a proposal to conduct a study or to target sample in an actual study.

4. METHODS

There are a range of potential approaches to creating BDCs. As is evident from
its name, big data is “big.” In this context, its size has two elements. First, it
must be big in that it is available for the majority of the sample of interest. The
second way big data is big is the large number of features (variables) available.
Big data should have depth and breadth. We are using a dataset that contains
hundreds of predictor variables, which makes conventional modeling options
like standard logistic regression problematic due to overfitting and multicolli-
nearity and instead calls for machine learning approaches that can handle con-
siderably more parameters (Hastie et al. 2009). Another option would be to
reduce the number of independent variables after some process of uncovering
those that are most consequential. Variables can be reduced by using mecha-
nisms to identify these consequential variables, or alternatively, reduction can
occur through clustering and other data reduction techniques.

The many steps involved in building, evaluating, and applying BDCs for
survey sampling are summarized in figure 1. There are several issues in the
modeling process that are important to review. First is the machine learning
algorithm to choose for modeling. There are many options, including
regression-based methods, which have often been used to model survey sam-
ples, nonresponse, and other attributes of surveys (Rosenbaum and Rubin
1983; Rosenbaum 1987; Schonlau et al. 2004; Duffy et al. 2005). Other
options are Bayesian models, kernel-based models, and tree-based approaches
(Hastie et al. 2009). As reported elsewhere, we tested methods from these fam-
ilies (simple neural nets, SVM, random forest, and LASSO). Ultimately, our
machine learning method of choice is a tree-based ensemble method—gra-
dient-boosted decision tree ensembles.

XGBoost (Chen and Guestrin 2016)—which stands for “eXtreme Gradient
Boosting”—is an ensemble method that combines decision/regression trees
with gradient boosting (Friedman 2002; Breiman 2001; Hastie et al. 2009) and
is our method of choice. Gradient boosting involves three elements: a loss
function to be optimized, a weak learner to make predictions (simple decision
trees), and an additive model to add weak learners to minimize the loss
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function. For XGBoost, two added wrinkles are included: a dynamic regulari-
zation approach to make tree-pruning more accurate and efficient and an opti-
mization approach that utilizes a Newton-Raphson based solver rather than the
traditional gradient descent approach that previous gradient-boosted models
used (Chen and Guestrin 2016; Sagi and Rokach 2021). First, a series of sim-
ple decision trees are applied to the training data to predict the outcome of
interest. These predictions are then compared to the actual outcomes, and the
model calculates the residuals. A new ensemble predictor is then created to tar-
get and correct these errors, which are the differences between the predicted
and actual outcomes. The process of applying decision trees, calculating resid-
uals, and building a new predictor is repeated multiple times until the model’s
overall accuracy is optimized. This iterative process enables XGBoost to
improve its predictions with each iteration and make accurate predictions even
with complex and high-dimensional data. The number of iterations is opti-
mized via cross-validation—too many iterations will result in overfitting.
XGBoost introduces many hyperparameters to be learned via cross-validation.
This high level of model complexity, with relatively fast-fitting models, has
often been cited as why XGBoost consistently attains superior results com-
pared to other machine learning approaches (Chen et al. 2022; Yan et al. 2020;
Jin 2022). In our test scenarios, XGBoost performed better than other candi-
date models although Random Forest was a close second. We prefer XGBoost
due to its predictive performance and its high-quality implementation in R,
which includes features like sparse matrix methods and parallel programming.
These features make XGBoost run quickly, allowing us to implement cross-
validation with many predictors. Researchers interested in building their own
BDC should explore multiple machine learning approaches as it is possible
that other methods would work better within other contexts and with different
data.

Second, data must be made “tidy” to produce optimized models, which
involves typical data cleaning procedures such as dealing with missing values
and consideration of outlier responses. Because tree-based methods can over-
estimate the importance of predictors with many unique values, we binned all
ordinal predictors so that there are at most 25 unique values before including
them in the models.

XGBoost produces probability scores as outcomes, so a third step occurs
after modeling is complete. To utilize a continuous prediction running from 0
to 1, one needs to generate a cut point so that sample scored with predictions
can be stratified. One of the significant advantages of BDCs over vendor flags
is the power to select the optimal cut point for a given study. For example, a
general population study that desires to increase its share of African Americans
may utilize a supplementary sample based on a BDC. Since the main sample is
a full random sample of all addresses in the United States, the predictions
could be “cut” at a point where survey incidence will be high, but coverage
will be low. To develop “adaptive” cut points, we exploit Bayes’ Rule, which
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states that the ratio between coverage and incidence will be equal to the ratio
between prevalence and the percent of cases we predict to be positive. For
example, if a study’s sample frame has a prevalence of 10 percent, and we
want our incidence to be twice as high as coverage, then we label the highest 5
percent of the predictions as positive predictions. This Bayesian approach is
safer than relying on a cut point selected via cross-validation, because
XGBoost predictions are not necessarily well-calibrated, and they may be
extremely polarized (very close to either 0 or 1) if the XGBoost model was
trained for many iterations. The cutpoints used for this article’s analysis are
based on the prevalence from each model’s training data; for example, if the
training data had 10 percent prevalence for a particular label, then 10 percent
of test data cases are predicted to be positive for that label.

A fourth issue is aggregation. Models are run at the individual level because
consumer data obtained is at the individual level. To score models to a fresh
sample, one would draw an address-based sample and send it to the vendor,
which would then return all individual-level records associated with those
addresses. An address-based sample of 10,000 would typically generate twice
as many individual records. These data would be scored with the BDCs, but
since most surveys sample at the household level, the data would then need to
be aggregated to the household level. There are a range of potential approaches
to accomplish aggregation. There is no need for aggregation for households
with one record, but what about a household with three members, where only
one of the members is predicted into a given classification? Concerning
within-household aggregation, we considered several possibilities. For the
analyses and applications in this article, we aggregated with an “any” rule—if
any individual in a household is predicted to be Hispanic, the household is
coded as Hispanic.

The analysis of the article unfolds in three main steps. First, we build and
apply a model for each of our fifteen outcome variables noted earlier, using all
available consumer data and Census data as independent variables, to the train-
ing dataset of 50 percent of the AmeriSpeak 2019–2020 panelists. We then
report results from the three different testing datasets: the remaining 50 percent
of AmeriSpeak 2019–2020 panelists, the 2021 AmeriSpeak recruitment data-
set, and the GSS dataset. The 50–50 train-test split in our data is a feature of
our own different constructed datasets, and different considerations for split
severity would have to be made on a case-by-case basis. There is nothing in
particular about the 50–50 split we use that is dispositive of using different
splits in different applications. We wanted, for evaluation purposes, for our test
split to be as large as we could manage.

We report the incidence, coverage, and other performance metrics for each
model within each dataset. From the confusion matrices, we primarily want to
understand two metrics: precision and recall. Precision is the percent of all
cases predicted to be of a certain class (e.g. Hispanic) that are actually of that
class. In the parlance of survey sampling, this would be what one would expect
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as the survey incidence. Recall is the percent of all cases in a given class that
the predicted values correctly identify with being in that class. In survey par-
lance, this is coverage, the degree to which a given sample (cases predicted to
be in the class) covers all households/householders in that class. We also
examine other measures of model performance: F1 score, PRAUC, and
Cohen’s kappa, which are standard machine learning metrics (Hastie et al.
2009). These metrics are defined and discussed in appendix 5 in the supple-
mentary data online. In appendix 7 in the supplementary data online, we exam-
ine the stability of test set performance by plotting 95 percent bootstrap
confidence intervals of the performance metrics over 200 bootstrap resamples.

5. RESULTS

Overall, we compare the results of the BDCs with outcomes from the vendor
flags and geographic clustering since this article aims to assess BDCs against
these historical oversampling methods. Figures 2–4 report the incidence, cov-
erage, and F1 scores of the BDCs. Corresponding tables A3.1, A3.2, and A3.3
are provided in appendix 3 in the supplementary data online, offering tabular
reports of the figures, as well as differences in the performance of the BDCs
versus the vendor flags and predictions based only on Census data
(“geographic clustering”).

5.1 AmeriSpeak Training Dataset Results

Figure 2 shows that, for the AmeriSpeak 2019–2020 test data, the BDCs are
17 percent higher in incidence and 8 percent lower in coverage on average
compared to vendor flags. The difference is similar to geographic clustering,
where BDCs are 19 percent improved in incidence and 7 percent improved in
coverage. For example, as illustrated in figure 2 and detailed in table A3.1 in
the supplementary data online, the BDC for predicting whether there is a teen-
ager in a household attained a 44 percent incidence, compared to 14 percent
incidence for geographic clustering and 22 percent incidence for the vendor
flag. In this case, the BDC attained 36 percent coverage, compared to 14 per-
cent coverage for geographic clustering and 38 percent coverage for the vendor
flag. PRAUC and Cohen’s Kappa results also underscore the superiority of the
“teenager in household” BDC to alternative methods. Use of this model would
significantly increase the survey incidence attained in reaching households
with a teenager and successfully find a larger percentage of all households with
a teenager.

The BDC performs better than geographic clustering for all models for this
test case. In most cases, we see that BDCs can offer an increase in incidence in
exchange for a decrease in coverage, compared to the vendor flags. In other
words, the BDCs successfully ordered the sample from “least likely” to “most

446 Dutwin et al.

D
ow

nloaded from
 https://academ

ic.oup.com
/jssam

/article/12/2/435/7193864 by U
niversity of C

hicago user on 25 June 2025

https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smad016#supplementary-data
https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smad016#supplementary-data
https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smad016#supplementary-data
https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smad016#supplementary-data
https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smad016#supplementary-data
https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smad016#supplementary-data
https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smad016#supplementary-data
https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smad016#supplementary-data
https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smad016#supplementary-data
https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smad016#supplementary-data


likely”, in a way that the binary vendor flag cannot. This allows us to select
from the m most likely cases for sampling, where m may be less than the num-
ber predicted to be positive by the vendor flag.

5.2 2021 AmeriSpeak Recruitment Dataset and GSS Results
As a further test, we scored the models to the 2021 AmeriSpeak recruited sam-
ple (as presented in figure 3 and table A3.2 in the supplementary data online)

Figure 2. Model Performance from AmeriSpeak 2015–2020 Test Dataset.
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and to the General Social Survey sample (figure 4 and table A3.3 in the supple-
mentary data online). These samples were not used in either training or testing
and therefore provide independent comparisons of the BDCs to vendor flags
and geographic clustering (in machine learning terms this acts as a validation
set). Overall, performance was slightly weaker for these test sets than for
AmeriSpeak 2019–2020 test data, but with many similarities. Compared to

Figure 3. Model Performance from AmeriSpeak 2021 Recruitment.
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vendor flags, BDCs offer an average of 11 percent incidence improvement
with a 14 percent decrease in coverage for AmeriSpeak 2021 Recruitment data
(figure 3/table A3.2 in the supplementary data online), and an average of 10
percent incidence improvement with an 8 percent decrease in coverage for
GSS data (figure 4/table A3.3 in the supplementary data online). The improve-
ment over geographic clustering was þ16 percent/þ5 percent (incidence and

Figure 4. Model Performance for GSS.
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coverage) for AmeriSpeak 2021 Recruitment data and þ21 percent/þ5 percent
for GSS data.

BDC performance for the AmeriSpeak 2021 Recruitment data (figure 3/
table A3.2 in the supplementary data online) showed higher incidence for find-
ing household members under 18 compared to vendor flags, in exchange for
lower coverage (þ22 percent/�24 percent for children and þ16 percent/�7
percent for teenagers). In this case, the BDCs were strong in identifying
income over $100k (average of incidence and coverage ¼ þ8 percent) and
Asians (þ8 percent), but weaker for other racial/ethnic groups (average of inci-
dence and coverage¼�8 percent for Black, �20 percent for Hispanic, and
�21 percent for Spanish speaking). Against geographic clustering, the BDCs
continued to show consistent improvement for almost all models.

For the GSS data (figure 4/table A3.3 in the supplementary data online), the
BDCs perform better than the vendor flag (when comparing average of inci-
dence and coverage) for nine out of fourteen models. For finding household
members under 18, the BDCs once again attained substantially higher inci-
dence than the vendor flag by sacrificing coverage (þ22 percent/�15 percent
for children andþ12 percent/�2 percent for teenagers).

5.3 Overall Results

Table 1 explores overall comparisons of the mean differences between
BDCs, geographic clustering, and vendor flags, as well as the range of per-
formance across the three datasets as measured by the standard deviation of
the difference in outcomes (incidence, coverage, and average of incidence
and coverage). In short, a low standard deviation indicates that the perform-
ance of a BDC versus geographic clustering or a vendor flag was consistent
across all three test datasets. The table shows that, on average, there is a sig-
nificant range in the efficacy of the BDCs versus the vendor flags and geo-
graphic clustering. The BDCs have significantly better incidence than vendor
flags for targeting teenaged household members in exchange for reasonable
coverage loss (average improvement of 16 percent incidence and loss of 4
percent coverage). However, the BDCs are modestly worse for identifying
persons of low education (þ17 percent/�16 percent), and Catholics (þ13
percent/�18 percent).

Table 1 further supports (1) the strength of the BDCs for predicting
income, given large mean improvement compared to the vendor flags, and
(2) the weakness of the BDCs in improving identification of households
with Hispanics and Spanish-speakers, and Asian persons, given low or nega-
tive mean improvement compared to the vendor flags. Compared to geo-
graphic clustering, the BDCs show large mean differences across all
predicted variables, but most pronounced for age, Asian, and high income
predictions.
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Table 1. Cumulative Results Across All Test Data

Target Incidence mean
change (%)

Coverage mean
change (%)

Total mean
change (%)

Incidence
deviations (%)

Coverage
deviations (%)

Average
deviations (%)

GC Flag GC Flag GC Flag GC Flag GC Flag GC Flag

Child 25.1 24.1 10.8 �18.9 17.9 2.6 4 3.6 4.4 4.3 4.2 4
Black 22.1 18.5 �4.1 �18.5 9 0 11.1 5.3 1.7 11.2 6.4 8.2
Hispanic 19.6 17.3 0.4 �30.5 10 �6.6 5.7 4.7 3.5 21.9 4.6 13.3
Teen 25.4 16.4 14.7 �3.5 20 6.5 3.7 4.5 6.1 2.9 4.9 3.7
Asian 45.6 24.4 12.8 �22 29.2 1.2 18.6 8.4 8 5.3 13.3 6.9
HS or less 9.6 16.7 �2.2 �16.2 3.7 0.3 4 1.9 2.5 4.2 3.2 3.1
Under $25k 13.1 9.9 �3.4 �5.2 4.8 2.4 2.9 2.4 1.2 5.4 2 3.9
Over $100k 11.5 12.9 7 5.3 9.2 9.1 1.1 6 0.5 2.5 0.8 4.3
18–49 25.4 28.1 0.5 �27.1 13 0.5 2.6 5.1 1.9 7.5 2.2 6.3
65 and older 21.5 �0.3 23.7 2.3 22.6 1 8.1 12.9 4.7 4.1 6.4 8.5
Spanish 17.3 13.6 �0.5 �30.5 8.4 �8.4 5.7 12.5 2.2 23.3 3.9 17.9
Strong

Republican
7.2 �0.1 5.8 14.8 6.5 7.4 3.5 5 5.1 1.4 4.3 3.2

Jewish 17.9 6.2 12.8 �0.2 15.3 3 4.7 7.6 1 6 2.8 6.8
Catholic 11 12.7 5.5 �18.3 8.2 �2.8 1 3.3 0.8 7.2 0.9 5.2
Social media

nonuser
6.9 �6.8 �1.5 26 2.7 9.6 7.3 9 13.3 8.4 10.3 8.7

Average 18.8 12.9 5.4 �9.8 12.1 1.5 2.6 3.9 1.5 3.7 1.6 3.2

NOTE.—Table shows the average performance of BDCs relative to two alternative methods: geographic clustering (GC) and vendor flags (Flag).
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Additional summary results for the BDCs are provided in appendices 1, 2,
and 7 in the supplementary data online. Appendix 1 in the supplementary data
online reports variable importance for each model. Appendix 2 in the supple-
mentary data online contains graphs comparing precision and recall across all
possible cut points. Appendix 7 in the supplementary data online examines the
stability of model performance across test datasets using bootstrap resampling.

6. DISCUSSION

Big data, many initially thought, promised to transform the survey research
industry. But over time, such thinking has become more nuanced, and the ben-
efit of big data has moved from the overarching to the specific use-case. We
offer details on one such use-case, the use of big data to create BDCs to effec-
tively target households and people during survey recruitment on various
attributes, from demographics to behavioral and even attitudinal variables. Our
approach has been shown to be effective for many, but not all, metrics for this
specific use-case.

Our study finds both variance and consistency. On one hand, we find var-
iance in the degree to which BDCs for one metric are superior to the alternative
methods of utilizing vendor flags or geographic clustering compared to other
metrics. On the other hand, we find relative consistency in these differences
across datasets. This suggests some test–retest reliability: if a classifier is supe-
rior to other methods in all three datasets, then there is higher confidence in its
effectiveness in future applications. This we found true for predictions of age,
income, social media use, and more modestly so for religion and political
party. On the other hand, our data suggest that one will likely be able to use
vendor flags just as effectively as the BDCs for race and ethnicity predictions.

Using the optimized cut-points, BDCs consistently improve incidence, but
inconsistently improve coverage. Again, this is a function of the cut point cre-
ated for the BDCs, which we regard as a relative strength of BDCs. We have
also conducted research that contains a significantly large general population
sample and then a modest oversample of a specific group. In such a use-case,
researchers may choose to select a higher cut point, sacrificing some coverage
in favor of incidence, given that the oversampled population already has some
level of complete coverage in the general population sample. Of course,
researchers should be mindful of the design effects created with different cut
points and oversampling fractions.

A second reason we believe that vendor flags sometimes exhibit better cov-
erage is that we have anecdotally found the item nonresponse in the vendor
flags (within cases that can be matched) to have declined over time. Compared
to West et al. (2015), we found consistently lower item nonresponse; for exam-
ple, the Hispanic indicator, which West found to be 30 percent missing, is
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missing for only 2 percent of cases in the consumer data we received (overall
unit nonresponse, however, was similar).

It should be the case that BDCs offer improvement upon current techniques,
such as the use of available sample vendor flags, given that there are additional
costs to big data classification. While the only financial cost in utilizing sample
vendor flags is licensing the flags themselves, there are two ways in which big
data classification is potentially more costly. First is the specialized labor
involved in building and scoring the models, though these costs diminish over
time as the programming time decreases and the cost of building a model
amortizes over several applications. Second is that models can only be scored
to sample after sample generation: addresses must be sampled and sent to big
data vendors to append their data, and only then can the models be applied so
that their predictions can be appended to the sample. Thus, in a use-case where
one desires to oversample a prediction by a factor of four, one would have to
generate four times as much sample as is needed pay the append the big data to
the sample, but then randomly discard some proportion of the sample not pre-
dicted to be in the class of the oversample to arrive at the appropriate sampling
fraction.

But for these costs, the benefits are improved coverage and incidence prop-
erties, leading to fewer terminated interviews due to screening, which are typi-
cally very costly. The benefits of this efficiency improvement, in our
experience thus far, outweighs (and often greatly so) the expense of acquiring
and appending big data, which typically costs pennies per record. To further
explore this, we offer a cost–benefit analysis in appendix 4 in the supplemen-
tary data online.

Why might the BDCs not perform even better, relative to vendor flags spe-
cifically, than what our analysis found? While data vendors assert that their
data is constantly updated, we cannot verify for each of the hundreds of varia-
bles provided that the data is genuinely up to date: these data come from multi-
ple sources, Americans are a relatively mobile population, and their
circumstances (employment status, number of kids, marital status, etc.) are
dynamic. All these factors may lead to mismatches of true properties of per-
sons and individuals to the data provided. We note the potential for error in
that, at an individual level, we could only match about half of 2019–2020
AmeriSpeak panelists to their big data. While household rates are much higher
at about 85 percent, error may be lower given a higher match rate at the indi-
vidual level. Finally, while we have a sizable sample in the full modeling data-
set of 10,737 panelists, some of the classifications we are predicting have small
sample sizes. Generally, groups are substantial: there are 2,204 respondents
reporting a child in the household, and 4,545 respondents aged 65 and over.
There are three groups examined with particularly low prevalences in this data-
set: Asian (N¼ 194), Jewish (N¼ 140), and Spanish speaking respondents
(N¼ 484); all other groups examined have a sample size of at least 700
respondents. While we might note that the important sample size for predicting
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the existence of any group is the overall sample size (e.g., both Asians and
non-Asians), the smaller sample sizes of specific groups will limit the ability to
find specific variables that reliably correlate to group membership. In the
future, we hope to continue to model using ever larger datasets, minimizing
any impact of small group sample sizes.

In addition to the ability to select one’s own cut point, other advantage of
big data classification exist. While vendor flags are limited to what is available,
BDCs can be built for any attribute so long as one has an adequate survey to
serve as training data where respondents self-report the attribute used as the
outcome measure and that the survey dataset can be effectively merged with
big data to be utilized as inputs. As such, we have built models on metrics not
easily estimable by other means, such as smoking status and drug use.
Additionally, one is not limited to survey self-reports; one could as well utilize
interviewer observations as modelling targets (Sinibaldi et al. 2014). Of course,
there are no guarantees that any model will be robust, but the possibility of
building the model exists given adequate self-reported data. We feel the ability
to create one’s own custom model targeting a specific population not consid-
ered by sample vendors is a primary advantage of the big data approach.

While outside of the scope of this article, we have preliminarily explored
the quality of samples attained via classification versus geographic clustering
and vendor flag methods. So far, we have seen that cases successfully pre-
dicted of a specific attribute (e.g., Hispanics) by BDCs attain a more represen-
tative sample than in cases predicted by vendor flags or geographic clustering.
We hope to explore this question in more detail in future research, but this
makes theoretical sense in that BDCs utilize all the information from geogra-
phy, vendor flags, and a host of other variables to make predictions. As such,
there is some level of “averaging” going on in that bias in BDCs is not limited
as a function of one method of targeting, given that geographic clustering data,
vendor flags, and predictions from other variables are all leveraged in the
BDCs.

With costs in surveys exploding due to declining response rates (Kennedy
and Hartig 2019) and concerns for systematic nonresponse increasing, the
potential of BDCs becomes ever more pronounced. Knowing who lives in a
sampled household before fielding has always been tremendously beneficial to
survey researchers. BDCs are the next step in the advancement of survey sam-
ple targeting and in the application of big data to survey science. We show
that, on average, BDCs provide an advantage over other targeted sampling
techniques. We hope this article provides a valuable resource to samplers in
terms of to what degree they can expect a classifier to improve survey inci-
dence and coverage and when to leverage BDCs over other disproportionate
sampling techniques.
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Supplementary Materials

Supplementary materials are available online at academic.oup.com/jssam.
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