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1.1 Introduction

The earliest hard drives on personal computers had the capacity to store roughly
5MB - now typical personal computers can store thousands of times more
(around 500 GB). Data and computing are not limited to supercomputing centers,
mainframe or personal computers, but have become more mobile and virtual. In
fact, the very definition of “computer” is evolving to encompass more and more
aspects of our lives from transportation (with computers in our cars and cars
that drive themselves) to everyday living with televisions, refrigerators, doorbells,
thermostats, and many other devices that are Internet-enabled and “smart.”
The rise of the Internet of things, smart devices, and personal computing power
relegated to mobile environments and devices, like our smartphone, has certainly
created an unprecedented opportunity for survey and social researchers and
government officials to track, measure, and better understand public opinion,
social phenomena, and the world around us.

A review of the current social science and survey research literature reveals that
these fields are indeed at a crossroads transitioning from methods of active obser-
vation and data collection to a new landscape where researchers are exploring,
considering, and using some of these new data sources for measuring public opin-
ion and social phenomena. Connelly et al. (2016) comment that “whilst there may
be a ‘Big Data revolution’ underway, it is not the size or quantity of these data
that is revolutionary. The revolution centers on the increased availability of new
types of data which have not previously been available for social research.” In our
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view, advances in this new landscape are taking place in seven major dimensions
including

(1) reimagining traditional survey research by leveraging new machine learning
methods (MLMs) that improve efficiencies of traditional survey data collec-
tion, processing, and analysis;

(2) augmenting traditional survey data with nonsurvey data (administrative,
social media, or other Big Data sources) to improve estimates of public
opinion and official statistics;

(3) enhancing official statistics or estimates of public opinion derived from Big
Data or other nonsurvey data;

(4) comparing estimates of public opinion and official statistics derived from sur-
vey data sources to those generated from Big Data or other nonsurvey data
exclusively;

(5) exploring new methods for enhancing survey and nonsurvey data collection
and gathering, processing, and analysis;

(6) adapting and modifying current methods for use with new data sources and
developing new techniques suitable for design and model-based inference
with these data sources;

(7) contributing survey data, methods, and techniques to the Big Data ecosystem.

Weaved within this new landscape is the perspective of assimilating these new
data sources into the process as substitutes, augments, or auxiliary to existing
survey data. Computational social science continues to evolve as a social sciences
subfield that uses computational methods, models, and advanced information
technology to understand social phenomena. This subfield is particularly suited
to take advantage of alternative data sources including social media and other
sources of Big Data like digital footprint data generated as part of social online
activities. Survey researchers are exploring the potential of these alternate
data sources, especially social media data. Most recently, Burke et al. (2018)
explored how social media data create opportunities for not only sampling and
recruiting specific populations but also for understanding a growing proportion
of the population who are active on social media sites by mining the data on
such sites.

No matter the Big Data source, we need data science methods and approaches
that are well suited to deal with these types of data. Although some have made
the case that administrative data be considered as Big Data (Connelly et al. 2016),
the general consensus in both the data science and survey research communi-
ties is that they are not. However, with the increased collection of paradata and
the increased use of sensors and other similar peripherals used in data collection,
one could argue that survey data are getting bigger — not in the number of cases,
but in the number of variables that are available per case. Put another way, some
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survey datasets are getting bigger because they are “wider” rather than “longer.”
So we could also make the case that surveys themselves are creating bigger data
and could benefit from such applying these types of methods.

This chapter explores how techniques from data science, known collectively as
MLMs, can be leveraged in each phase of the survey research process. Success
in the new landscape will require adapting some of the analytic and data collec-
tion approaches traditionally used by survey and social scientists to handle this
more data rich reality. In his recent MIT Press’ Essential Knowledge book enti-
tled Machine Learning, computer engineering professor Ethem Alpaydin notes,
“Machine learning will help us make sense of an increasingly complex world.
Already we are exposed to more data than what our sensors can cope with or
our brains can process.” Although the use of MLMs seems fairly new in survey
research, machines and technology have long been part of the survey and social
sciences’ DNA. At the 1957 AAPOR conference Frederick Stephan pointed out
that “Computers will tax the ingenuity, judgment and skill of technically profi-
cient people to (a) put the job on the machine and (b) put the results in form for
comprehension of human beings; and determine the courses of action we might
take based on what the machines have told us” in the context of data collection.
This adage still holds today, but we are moving from machines to MLMs.

This chapter provides a brief overview of MLMs and a deeper exploration of
how these data science techniques are applied to the social sciences from the per-
spective of the survey research process including sample design and constructing
sampling frames; questionnaire design and evaluation; survey recruitment and
data collection; survey data coding and processing; sample weighting and survey
adjustment; and data analysis and estimation. We present a wide array of appli-
cations and examples from current studies that illustrate how these methods can
be used to augment, support, reimagine, improve, and in some places replace the
current methodologies. Machine learning is likely not to replace all human aspects
of the survey research process, but these methods can offer new ways to approach
traditional problems and can provide more efficiency, reduced errors, improved
measurement, and more cost-effective processing. We also discuss how errors in
the machine learning process can impact errors we traditionally manage within
the survey research process.

1.2 Overview of Machine Learning Methods and
Their Evaluation

MLMs are generally flexible, nonparametric methods for making predictions or
classifications from data. These methods are typically described by the algorithm
that details how the predictions are made using the raw data and can allow for a
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larger number of predictors, referred to as high-dimensional data. These methods
can often automatically detect nonlinearities in the relationships between inde-
pendent and dependent variables and can identify interactions automatically.
Generally, MLMs can be divided into two broad categories: supervised and
unsupervised machine learning techniques. The goal of supervised learning
is to optimally predict a dependent variable (also referred to as output, target,
class, or label), based on a range of independent variables (also referred to as
inputs, features, or attributes). When a supervised method is applied to predict
continuous outcomes, it is generally referred to as a regression problem and a
classification problem when used to predict levels of a categorical variable. Ordi-
nary least squares regression is a classic example of supervised machine learning.
Such a technique relies on a single (continuous) dependent variable and seeks
to determine the best linear fit between this outcome and multiple independent
variables. MLMs can also be used to group cases based on a collection of variables
known for all the cases. In these situations, there is no single outcome of interest
and MLMs that are used in this context are referred to as unsupervised learners.
One of the most common unsupervised methods with which social scientists
and market researchers might have some familiarity is hierarchical cluster
analysis (HCA) - also known as segmentation. In this case, the main interest
is not on modeling an outcome based on multiple independent variables, as in
regression, but rather on understanding if there are combinations of variables
(e.g. demographics) that can segment or group sets of customers, respondents, or
members of a group, class, or city. The final output of this approach is the actual
grouping of the cases within a dataset — where the grouping is determined by the
collection of variables available for the analysis.

Unlike many traditional modeling techniques such as ordinary least squares
regression, MLMs require a specification of hyperparameters or tuning parame-
ters before a final model and predictions can be obtained. These parameters are
often estimated from the data prior to estimating the final model. It could be use-
ful to think of these as settings or “knobs” on the “machine” prior to hitting the
start button to generate the predictions. One of the simplest examples of a tuning
parameter comes from k-means clustering. Prior to running a k-means clustering
algorithm, the method needs to know how many clusters it should produce in the
end (i.e. K). The main point is that these tuning parameters are needed before com-
puting final models and predictions. Many machine learning algorithms have only
one such hyperparameter (e.g. K-means clustering, least absolute shrinkage and
selection operator (LASSO), tree-based models), while others require more than
one (e.g. random forests, neural networks).

In contrast to many statistical modeling techniques that have a form specified
in advance, MLMs are algorithmic and focus on using data at hand to describe the
data-generating mechanism. In applying these more empirical methods in survey
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research, one must understand the distinction between models created and used
for explanation vs. prediction. Breiman (2001) refers to these two end goals as the
two statistical modeling cultures, and Shmueli (2010) refers to them as two mod-
eling paths. The first consists of traditional methods or explanatory models that
focus on explanation, while the second consists of predictive models that focus
on prediction of continuous outcomes or classification for categorical outcomes.
Although machine learning or algorithmic methods can be used to refine explana-
tory models, their most common application lies in the development of prediction
or classification models. The goals and methods for constructing and evaluating
models from these two paths overlap to some degree, but in many applications,
specific differences can occur that should be understood to maximize their utility
in both research and practice.

Explanatory models are commonly used in research and practice to facilitate
statistical inferences rather than to make predictions, per se. The underlying
shape (e.g. linear, polynomial terms, and nonlinear terms) and content of these
models is often informed by the underlying theory, experience of the researcher, or
prior literature. Well-constructed explanatory models are then used to investigate
hypotheses related to the underlying theory as well as to explore relationships
among the predictor variables and the outcome of interest. These models are
constructed to maximize explanatory power (e.g. percentage of observed variance
explained) and are evaluated by goodness of fit measures and effect sizes. On the
other hand, MLMs are often constructed solely to predict or classify continuous
or categorical outcomes, respectively, for new cases not yet observed. In contrast
to many explanatory models, the actual functional form of the predictive model
is often not specified in advance and is often not of primary interest since the
main objective in evaluating these models revolves around the overall prediction
accuracy (Shmueli 2010) and not on the individual evaluation of the predictors
themselves.

Compared to traditional statistical methods, MLMs are more prone to over-
fitting the data, that is, to detecting patterns that might not generalize to other
data. Model development in machine learning hence usually relies on so-called
cross-validation as one method to curb the risk of overfitting. Cross-validation
can be implemented in different ways but the general idea is to use a subsample
of the data, referred to as a training or estimation sample, to develop a predictive
model. The remaining sample, not included in the training subsample, is referred
to as a test or holdout sample and is used to evaluate the accuracy of the predictive
model developed using the training sample. Some machine learning techniques
use a third subsample for tuning, that is, the validation sample, to find those
tuning parameters that yield the most optimal prediction. In these cases, once
a model has been constructed using the training sample and refined using the
validation sample, its overall performance is then evaluated using the test sample.
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For supervised learners, these three samples contain both the predictor variables
(or features) and the outcome (or target) of interest.

The predictive accuracy for machine learning algorithms applied to continuous
outcomes is usually quantified using a root mean squared error statistic that com-
pares the observed value of the outcome to predicted value. In classification prob-
lems, the predictive accuracy can be estimated using a host of statistics including
sensitivity, specificity, and overall accuracy. Generally, the computation of these
and related measures of accuracy are based on a confusion matrix, which is sim-
ply a cross-tabulated table with the rows denoting the actual value of the target
variable for every sample or case in your test set and the columns representing the
values of the predicted level of the target variable for every sample or case in your
test set. Buskirk et al. (2018b) describe confusion matrices in more detail along
with a host of accuracy metrics that can be derived from the confusion matrix and
used to evaluate classification models, in particular. Kuhn and Johnson (2013) and
James et al. (2013) also provide a deeper discussion of using such metrics for eval-
uating models within a cross-validation framework.

1.3 Creating Sample Designs and Constructing
Sampling Frames Using Machine Learning Methods

1.3.1 Sample Design Creation

Many early applications of MLMs for sample design development focused on
using these algorithms to create partitions of known population units into
optimal groupings to facilitate stratified sampling or some other type of sampling
designs. In particular, these approaches apply various types of unsupervised
machine learning algorithms such as k-means clustering or Gaussian mixture
models (GMMs) to an array of frame data and other auxiliary information to
segment population units into groups for use as primary sampling units or strata
for sampling designs. The population might also refer to a survey panel and
auxiliary information might refer to typical frame-related variables as well as
survey variables collected during prior phases. In either case, the goal of these
approaches is to optimize segmentation of population units into groups that are
efficient for sampling rather than on optimizing model fit. Evaluation of the final
groupings obtained from the MLMs considers implications for both sampling
errors and operational issues.

Although the literature illustrating applications of these types of unsupervised
machine learning algorithms for developing sampling designs is small, it is grow-
ing. Burgette et al. (2019) compared three different unsupervised learning methods
to create sampling strata to understand the range of care delivery structures and
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processes being deployed to influence the total costs of caring for patients over
time. More specifically, their team compared k-means clustering to a mixture of
normals (also referred to as GMMs) and mixture of regression models for cluster-
ing annual total cost of care statistics over a three-year period for some 40 physician
organizations participating in the Integrated Healthcare Association’s value-based
pay-for-performance program. Of primary interest was the total cost of care and
its pattern over this period, so developing a design that groups physician organi-
zations by total cost trajectories and magnitude was crucial. The cluster groupings
from each of the three methods considered formed the basis of sampling strata.
Burgette et al. (2019) evaluated the results from each method and decided on the
results produced using the mixture of normals for their final sampling strata.

The work of Burgette and colleagues highlighted some key, important differ-
ences in the assumptions and mechanics of the three clustering methods. Most
notably, the k-means clustering algorithm is concerned with differences about
the cluster means and assumes that the within-cluster variances are equal, and
the algorithm seeks to group units so as to minimize this within-cluster variance
across the k-clusters. A common assumption in many models such as ANOVA is
that the assumption of equal stratum variances may be too restrictive and not rea-
sonable. The optimal number of clusters generated from the k-means algorithm
taken as strata will be too heterogeneous relative to other stratifications that focus
on grouping sampling units to reduce variation within each stratum without the
restriction or assumption that this reduced variance is the same for every stratum.
Burgette et al. (2019) note that the mixture of normal models does not have the
assumption of equal variance within each of the clusters and allows this variance
to vary within the resulting clusters. The mixture of normal models also allows
researchers to incorporate a unit of size as an additional input into the modeling
process separate from the variables upon which clustering is based.

Despite the limitations of k-means clustering, it is widely used because of its
speed and ease of implementation and interpretation. Buskirk et al. (2018a) also
explored the utility of the k-means clustering algorithm applied to telephone
exchange data. The goal was to create a stratified sampling design to be used to
select households from 13 council districts in an urban county in the northeastern
United States. Using the 13 district geographical boundaries and information
about assigned landline telephones, the team created auxiliary information
consisting of the percentage of each of the 13 local districts covered by each
landline telephone exchange in this county. The k-means algorithm grouped
telephone exchanges based on these coverage statistics, resulting in eight clusters.
Because the final goal was to create nonoverlapping sampling strata for an random
digit-dial (RDD) sample that could be used to create estimates of sufficient size
from all 13 council districts, the eight clusters were combined into a smaller
number of strata. The first stratum consisted of the union of two of these eight
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clusters and covered four council districts, whereas the second stratum combined
the remaining six clusters to cover the remaining nine council districts. Based on
cross-validation information collected during the survey, this design achieved an
estimated 97% overall coverage rate with 95% from the first stratum and 98% from
the second.

1.3.2 Sample Frame Construction

The applications discussed in Section 1.3.1 have assumed that a population or
frame already exists and have focused on leveraging known information about
these units to create sample partitions or subsets using unsupervised MLMs. In
some situations, however, the frames may overcover the target population and
may require modification prior to segmentation to create sampling units that have
a higher incidence for the target population. In yet other situations, no known
frames or systematic collection of population units are available. To this end, a
growing body of literature is focused on applying MLMs to create sampling frames
or revise existing frames to improve coverage for the intended target population.
Some of these applications use existing frame data, auxiliary data, and survey data
to create models predicting whether or not population units in an existing frame
belong to the target population while other applications use Big Data sources, such
as satellite images, to create models that will identify locations of sampling units.

Garber (2009) used classification trees to predict eligibility of units included in
a master mailing list for a survey targeting farms. Reductions in data collection
inefficiencies due to overcoverage resulted from removing those units with low
likelihood of eligibility. Bosch et al. (2018) discuss how they added web address
information to a business register composed of a list of enterprises using a focused
web scraping approach. Because the crawler might have misidentified the uni-
form record locator (URL), the team used MLMs to predict whether the URL was
appropriate for each enterprise in the database. In this application, MLMs were
not applied directly to identify population units or to segment them, but rather as
part of the process for editing information on the frame obtained via web scraping
methods. Chew et al. (2018) combine the approaches of frame refinement with
frame creation by applying a two-category classification task to predict whether a
satellite image scene is residential or nonresidential within a gridded population
sampling framework.

Gridded samples use a geographic information system to partition areas of
interest into logistically manageable grid cells for sampling (Thomson et al. 2017;
Amer 2015). These designs typically involve several stages with one of the key
stages selecting a series of primary grid units (PGUs) followed by a subselection
of many secondary grid units (SGUs) within the PGUs. In many applications of
this approach in developing countries, these SGUs are sparsely populated and
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consequently may have no eligible household units within them. To improve
sampling efficiency, a layer of coding is often deployed within the selected PGUs
to eliminate SGUs that contain no eligible population units prior to the phase
of sampling that selects a subset of the SGUs. Human coders have traditionally
been used to perform these important frame revision tasks but costs for this labor
continue to rise and press against budget constraints. Chew et al. (2018) explored
how a collection of machine learning algorithms compare to human coders for
accurately determining whether SGUs, within selected PGUs from two different
developing counties, contain residential units making them eligible for inclusion
in further sampling stages of the gridded population design. The team compared
MLMs (such as random forests, decision trees, and support vector machines,
among others) that used predictors from an administrative database along with
other algorithms such as convolutional neural networks (CNNs) (as described in
Eck 2018, for example) that used satellite images to predict whether SGUs should
be classified as residential (and thus eligible) or nonresidential. They found that
although administrative data helped predict whether SGUs were residential,
neural network models using aerial images performed much better, nearly as well
as human coders for one country, and outperformed human coders in another.
This performance is encouraging, but the authors note that the processing and
availability of aerial images may not be ubiquitous for all regions or countries.

Whereas the work of Chew et al. (2018) focused on object recognition tasks,
with the primary objective of classifying the object in the image (e.g. residential
or nonresidential), other research has focused on applying similar machine learn-
ing algorithms for object detection, with the primary task of counting the number
and/or locations of specific images (e.g. houses). Eck et al. (2018) applied CNN
models to aerial images of land plots from across a Midwestern state in the United
States to generate a sampling frame of windmills. They were interested not only in
classifying a sample of land plots into those with and without windmills but also in
determining the location of the windmills within those land plots. Based on pro-
cessing images from 10 counties within this state, the algorithm exhibited about
95% sensitivity missing only 95 of the 1913 windmills within these 10 counties. The
specificity was also high at nearly 98% — however, because many land plots have no
windmills, even this 2% misclassification results in nearly 8000 land plots incor-
rectly identified as having a windmill. However, human coders might be able to
examine all images predicted to be windmills and provide final classifications for
these images reducing the problem, in this case, from looking at about 9800 images
instead of 300 000. So the machine learning algorithm can provide a focused set of
land plots that need final adjudication by human coders, thus reducing the total
costs in constructing a final sampling frame.

Identifying whether a unit belongs in the sampling frame is an important
aspect of frame refinement or digitization of eligibility. Such an application

19



20

1 Why Machines Matter for Survey and Social Science Researchers

though assumes that sampling units are already identified, either from the
beginning, or via some earlier stage of sampling. Another application of machine
learning involves the actual identification of sampling units from a collection
of aerial images. In these applications, it is not sufficient to know only that an
image contains sampling units because some images may contain more than one
such population unit and ultimately, the population will be sampled at the unit
level. Eck et al. (2018) applied CNNs to a series of aerial images to determine the
location of windmills in counties across Iowa in the United States. They found
that the neural networks model was adequate for correctly identifying land plots
that contained a windmill, but at the cost of a large number of false positives.
Eck et al. (2018) also sought to use these models to generate estimates of the total
number of windmills from each county in Iowa. Such an estimate could be used
by designs as a measure of size to facilitate selection of counties proportional to
the number of windmills or stratification of counties based on the number of
windmills. Because of the high number of false positives from the CNN model
applied to the land plots, the estimated total number of windmills varied widely
across the counties with all estimates being too high by between 95 and just over
1300 windmills. Eck and colleagues refined their approach in 2019 to include a
stratification step prior to training the CNN models that ensured more variability
in images without windmills that found that this step greatly reduced the number
of false positives. They also examined the relationship between the source of
the images and various tuning parameters and the coverage properties of the
resulting sampling frame. They found that coverage rates were consistent across
a range of tuning parameters and that the number of images used for training
had relatively little impact on the accuracy measures. Including stratification in
the selection of training data was important for reducing the number of false
negatives (i.e. increased sensitivity) but had relatively little impact on the false
negative rate. They posit that refinements in the stratification approach may be
needed to improve the false negative rates moving forward.

1.3.3 Considerations and Implications for Applying Machine
Learning Methods for Creating Sampling Frames and Designs

The synthesis of this small collection of studies suggests that the application of
MLMs for sampling frame and design development is not automatic and algorith-
mic, and data error implications should be considered and balanced carefully. We
discuss each of these broad considerations in turn here.

1.3.3.1 Considerations About Algorithmic Optimization
The results deemed optimal for grouping population units into groups based on
an MLM may not be optimal for sampling or data collection. For example, some
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results from unsupervised learning models may produce groups with a single or
too few population units to support the sampling design or estimation of sampling
variance. Generally, for stratification, one wants a sample of at least two population
units selected per group and in some cases, larger samples may be needed for other
analytic objectives including comparisons across groups. In these cases, we need
to ensure that the final segmentation has sufficient numbers of population units
per unit. As Burgette et al. (2019, p. 6) point out “we are less concerned with model
fit and more concerned with the sample characteristics that result from using the
clusters [segments] as sample strata.”

The MLMs are using an objective for optimization that is related to what
researchers desire — a natural grouping of population units into segments. How-
ever, to be useful for sampling, these segments may need to have a minimum size
or the number of such segments may need to be constrained to meet sampling
field operations requirements or data collection cost constraints, none of which
are considered in the algorithms. That is, the requirements of sample designs
and survey operations are not seen by current clustering algorithms during
their processing of available data to create potential sampling strata or primary
sampling unit groupings. As a result, the results from the MLM serve as the basis
or first step that is then refined to meet additional sampling requirements or data
collection constraints.

1.3.3.2 Implications About Machine Learning Model Error

Although using MLMs has notable advantages for creating sampling designs, these
methods are not without error. Misclassification errors result when MLMs fail
to correctly classify units. In sample frame development, machine learning algo-
rithms are applied to classify an image, land plot, or some other related unit as
eligible for inclusion in the frame or ineligible. A false positive misclassification
error results in a frame that might result in overcoverage of the actual population
and lead to inefficiencies in survey data collection. A false negative misclassifica-
tion error results in undercoverage and may lead to biased estimates if there is a
systematic difference between population units correctly included on the frame
and those excluded. To our knowledge, there is little work on the impact of this
type of machine learning error on final survey estimates although Eck et al. (2019)
discuss this as a future area of research. Moreover, there is even less understanding
of how tuning parameter selection in these machine learning algorithms might be
related to these potential survey errors and how one might incorporate this aspect
of survey estimation into the classification algorithm.

By default, most machine learning algorithms optimize classifications to bal-
ance false positives with false negatives; however, one can use additional cost func-
tions within these algorithms to penalize false positives at a higher rate than false
negatives or vice versa. In frame development, one might argue that false negatives
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(leading to undercoverage) may be the more critical error. However, if there are
no systematic differences on the survey outcome between correctly included and
incorrectly excluded cases, then there might be more tolerance for this type of
error. On the other hand, one could argue that if data collection costs are expen-
sive (as in in-person or on-the-ground data collection or collection via expensive
sensor equipment), then false positives might be the more critical error. If the false
positive rate is high, for example then an eligibility screener may be necessary as
an additional survey process step to ensure that only eligible population units be
included in final analyses. In any case, it seems important to be able to quantify
the impact of these errors before using MLMs for sampling frame development
so that either the final results or choices of which of many MLMs lead to the
best possible sample frame for use in the final sampling design can be assessed
accordingly.

1.3.3.3 Data Type Considerations and Implications About Data Errors

Most of the unsupervised MLMs create population groupings using a collection of
continuous covariates. Cluster solutions are often sensitive to variable scaling so if
the continuous variables have different scales, transforming the variables so they
are all on the same scale is often recommended (Hastie, Tibshirani, and Friedman
2001). However, not all frame or auxiliary variables that are available for use in
such segmentation are continuous. Scaling binary or nominal variables and treat-
ing them as continuous variables does not make much sense and could impact
interpretability of results. Sampling designs seeking to leverage auxiliary informa-
tion that is a mix of continuous, ordinal, and nominal variables may need to be
modified by selecting a different proximity measure or using a method that allows
for a mix of variable types such as hierarchical clustering with an appropriate dis-
tance measure. Boriah et al. (2008) compared 14 different similarity measures for
categorical data for use with a k-nearest neighbors algorithm for outlier detection.
Their experimental results suggest that there is no one best performing similarity
measure, and the authors urge researchers to carefully consider how a particular
similarity measure handles the different characteristics of the categorical vari-
ables in a given dataset prior to selecting the measure. Rather than focusing on
different proximity measures for clustering data based on categorical variables,
researchers have also explored using different statistics for creating the clusters
including k-modes (Huang 1998) or fuzzy k-modes (Huang and Ng 1999; Kim, Lee,
and Lee 2004). These methods use a single distance function appropriate for cat-
egorical variables. For datasets with categorical and continuous variables, Huang
(1998) proposes a k-prototypes clustering algorithm based on a combination of two
distance functions applied to categorical and continuous variables, respectively.
When cases are to be clustered using only categorical variables or a mix of cate-
gorical and continuous variables, as often occurs in survey research applications,
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the results of the clustering will likely be more reproducible and interpretable and
more likely to represent the underlying constructs, if any, within the collection
of variables. Sampling designs seeking to give variables unequal influence on the
creation of population segments may also benefit from using an additional weight-
ing variable in the unsupervised MLM where the weights specify each variable’s
relative influence on the overall segmentation.

Regardless of the type of data used in the machine learning algorithms, the
impact of error within the variables themselves on the overall segmentation
results is not well understood. Errors in the measurement of auxiliary, frame,
or survey variables that are used in unsupervised machine learning algorithms
to create population segments are of particular interest since we readily expe-
rience and quantify this type of error within the total survey error framework.
Pankowska et al. (2018) explored the impact of survey measurement error on
the correct classification of respondents into known groups using both GMMs
as well as density-based spatial clustering of applications with noise (DBSCAN).
Their simulation experiment varied the type of measurement error, the number
of variables considered in the clustering that had error, the error rate, and the
magnitude of the error. Pankowska and colleagues found that GMM is less
sensitive to measurement errors compared to DBSCAN. Measurement error,
regardless of method, has a very strong biasing effect for correctly recovering the
true underlying grouping structure if the measurement error is systematic, rather
than random, and all variables have high levels of measurement error. This work
provides insights into the interplay between measurement error in surveys and
the results of the clustering algorithms and suggests that cluster algorithms are
not equally sensitive or robust to these types of survey errors. The measurement
error found in survey variables that might be used to create sampling designs may
have a compounding effect under certain conditions as suggested by the work
of Pankowska et al. (2018). More work is needed to understand the degree of
this compounding and whether other popular clustering methods may be robust
against it. This example is just one of many where survey methodologists and
statisticians might be able to improve these types of algorithms. The implications
of revised algorithms that can incorporate error properties of data within them
have a great potential for not only survey data but also for other Big Data sources,
especially for Big Data sources with error properties similar to measurement error.

1.4 Questionnaire Design and Evaluation Using
Machine Learning Methods

Questionnaire design, pretesting, and evaluating survey questions, improving
instrument design, and incorporating alternative measures alongside survey
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data are other components in the survey lifecycle that can benefit from recent
developments in MLMs.

1.4.1 Question Wording

Although applications demonstrating the potential of machine learning for ques-
tionnaire design (or developing question wording in the more traditional sense)
have been developed successfully, users may not know that many of these tools
rely on MLMs.

The free online application Survey Quality Predictor (SQP) 2.0 (http://sqp.upf
.edu/) is one such example. SQP allows researchers to assess the quality of their
questions, including suggestions for improvements, either prior to data collection
or if this assessment is done after data collection, to allow researchers to quan-
tify (and correct for) potentially biasing impact of measurement error (Oberski
and DeCastellarnau 2019). For this assessment to work, researchers first have to
code their question along several different dimensions including topic, wording,
response scale, and administration mode (using the coding system developed by
Saris and Gallhofer 2007, 2014). The second step is that the system then predicts
the quality of said question, or more specifically, two indicators of measurement
error: the reliability and the validity of the survey question.! This prediction task
is where machine learning comes in: while SQP 1.0 relied on linear regression
modeling, SQP 2.0 uses random forests consisting of 1500 individual regression
trees to account for possible multicollinearity of question characteristics, nonlin-
ear relationships, and interaction effects (Saris and Gallhofer 2007, 2014; Oberski,
Gruner, and Saris 2011; Oberski and DeCastellarnau 2019).2 These random forests
explain a much higher portion of the variance, namely 65% of the variance in
reliability and 84% of validity across the questions in the test sample, compared
to the linear regression used in the first version of SQP (reliability: 47%; valid-
ity: 61%) (Saris and Gallhofer 2014; Oberski 2016). SQP also provides researchers
with an importance measure, that is prioritization, as to which question charac-
teristic is the most influential and how changing a particular question feature,
say a 5-point response scale to an 11-point response scale would alter the pre-
dicted reliability and validity. Another tool with a slightly different approach is
QUAID (question-understanding-aid) (Graesser et al. 2000; Graesser et al. 2006).

1 Reliability in the context of SQP refers to the “theoretical correlation between the true value
and the observed answer,” whereas validity refers to the “hypothetical spurious correlation
between two otherwise unrelated questions” asked using the same method (Oberski and
DeCastellarnau 2019, p. 8)).

2 The predictions of a question’s quality in SQP 2.0 and higher are based on data from an
extensive meta-analysis consisting of 98 survey experiments conducted in 22 countries between
1979 and 2006, with about 3500 questions and about 60 question characteristics (Oberski and
DecCastellarnau 2019).
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QUAID uses computational linguistics (i.e. lexicons and syntactic parsers) to assist
researchers and practitioners in improving the wording, syntax, and semantics of
questions.

Other applications in this domain investigate the use of machine learning in
respondent and interviewer instructions, or scripted probes. Belli et al. (2016)
used classification trees to uncover respondent and interviewer behavioral
sequences that predicted respondents engaging in different retrieval strategies in
calendar interviews which, as the authors showed, ultimately affect data quality.
The challenges with these data are the dependencies within each sequence of
behaviors and the (non)occurrence of behaviors at each stage that prohibits the
use of more traditional approaches. These results are relevant for questionnaire
design because they can directly impact placement and scripting of interviewer
probes and interviewer training in how to use these probes. Machine learning can
also provide insights as to how to redesign questionnaires based on (real-time)
respondent behaviors, for example, to minimize item-level nonresponse, or to
prevent break-offs or straight lining. If a participant is estimated to have a high
likelihood of breaking off from a web survey while they are in the process of taking
it, adaptations can be made to perhaps mitigate the risk of a partial complete due
to break-off. One of the main issues is the speed by which models can estimate
these propensities as well as being able to make adaptations in real time for
online surveys based on these predictions. The other issue to tackle is at what
points within the survey is break-off propensity estimated and how frequently an
adaptation is made. For now these are open questions, but research into some of
these areas is under way. For example, Mittereder and West (2018) used a dynamic
Cox survival model based on page invariant respondent characteristics as well
as page variant response behavior during the first portion of an annual survey to
predict break-off from that point. A separate warning screen was displayed for
those respondents with high predicted likelihood of break-off with a message
encouraging respondents to continue because their answers were crucial to the
goals of the study. The team determined the place where most break-offs occurred
and generated a propensity model using survey data from prior years. Using
Markov chains (MCs) and recurrent neural networks (RNN) to account for the
sequential data, Eck et al. (2015) predict whether a respondent will break off from
an online survey, based on paradata collected about respondents interactions
with the survey. The authors showed that, compared to MCs, the RNNs achieve a
better performance and have a higher precision in that they almost always predict
break-offs correctly. More recently, Eck and Soh (2017a) extended these models to
predict straight lining in survey grids before it occurs again using paradata. The
authors showed that grids placed later in the survey tend to be predicted more
accurately, i.e. when there were more opportunities for the algorithm to learn
the behavior under investigation, and that the models perform better with more
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instances of “bad” behaviors. Using the knowledge from these studies in real
time would allow questionnaire designers to incorporate motivation probes or
other adaptive survey interventions to retain respondent motivation and prevent
straight lining or break-offs (e.g. Eck and Soh 2017b; Mittereder and West 2018;
Mittereder 2019).

1.4.2 Evaluation and Testing

In addition to the tools and applications targeted to improve question wording,
researchers have used machine learning in question evaluation and testing. The
insights from these studies, e.g. which questions contribute to interviewer mis-
reading and which operations in reporting cause respondent reporting errors, can
be used to redesign and improve existing questionnaires, serve as a tool to assess
interviewer performance and to target interviewers for retraining, and potentially
help identify the type of respondent to include for testing.

For example, Timbrook and Eck (2018, 2019) investigated the respondent-
interviewer interaction or more specifically interviewer reading behaviors - that is,
whether a question was read with or without changes and whether those changes
were minor or major. The traditional approach to measure interviewer reading
behaviors is behavior coding, which can be very time-consuming and expensive.
Timbrook and Eck (2018, 2019) demonstrated that it is possible to partially
automate the measurement of these interviewer question reading behaviors using
machine learning. The authors compared string comparisons, RNNs, and human
coding. Unlike string comparisons that only differentiate between reading with
and without changes, RNNs like human coders should be able to reliably differ-
entiate between reading questions with minor or with major changes. Comparing
RNNSs to string matching (read with change vs. without), the authors showed
that exact string comparisons based on preprocessed text were comparable to the
other methods. Preprocessing text, however, is resource intensive. If the text was
left unprocessed, they showed that the exact string comparisons were less reliable
than any other method. In contrast, RNNs can differentiate between different
degrees of deviations in question reading. The authors showed that RNNs trained
on unprocessed text are comparable to manual, human coding if there is a high
prevalence of deviations from exact reading and that the RNNs perform much
worse when there is a low prevalence of deviations. Regardless of this prevalence,
RNNs performed slightly worse identifying minor changes in question wording.
McCarthy and Earp (2009) retrospectively analyzed data from the 2002 Census
of Agriculture using classification trees to identify respondents with higher
rates of reporting errors in surveys (more specifically, when reporting land size
such as total acreage and broken down by individual components depending on
land use).
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Data from focus groups are also useful for evaluating and pretesting question-
naires, but often the data generated from these sessions is digitized and stored as
text. The potential for MLMs to aid in processing this type of textual data along
with others gathered throughout the survey process are discussed in more detail
in Section 1.6.1.

1.4.3 Instrumentation and Interviewer Training

Finally, other studies exemplified the use of machine learning with a focus on
instrumentation, interface development, and interviewer training. Arunachalam
et al. (2015) showed how MCs and artificial neural networks (ANNSs) can be
used to improve computer-assisted telephone interviewing for the American
Time Use Survey. Using algorithms that are particularly useful for temporal
pattern recognition in combination with paradata, the authors’ goal was to
predict a respondent’s next likely activity. This next likely activity would then be
displayed live for interviewers on their computer assisted telephone interviewing
(CATI)-screens based on time of day and previous activity to facilitate probing
and data entry reducing item nonresponse. This process should ultimately
improve data quality and increase data collection efficiencies. Although both
algorithms predicted the respondents’ activity sequence accurately, the authors
found a higher predictive accuracy for the ANNs. Machine learning has also
been used to improve the survey instrument for open-ended questions, such
as questions regarding occupation (see Section 1.6.1). To facilitate respondent
retrieval, decrease respondent burden, and reduce coding errors, Schierholz et al.
(2018) investigated computer-assisted coding. More specifically, they assessed
the performance of matching algorithms in combination with gradient-boosting
decision trees, suggesting a potential occupation based on a verbatim response
initially provided by the respondent. Respondents then selected their occupation
from this list of suggestions (including an option “different occupation”). The
authors showed that the algorithm detected possible categories for 90% of all
respondents, of which 80% selected a job title and 15% selected “different occu-
pation” thereby significantly reducing the resources needed for postinterview
coding. Other applications of machine learning algorithms, such as regularization
networks, test-time feature acquisition, or natural language processing can be
used to reduce respondent burden and data collection cost by informing adaptive
questionnaire designs (e.g. for nonresponse conversion) in which individuals
receive a tailored number or order of questions or question modules, tailored
instructions, or particular interventions in real time, depending on responses
to earlier questions and paradata (e.g. for surveys more generally, Early 2017;
Morrison et al. 2017; Kelly and Doriot 2017; for vignette surveys or conjoint
analysis in marketing, Abernethy et al. 2007; for intelligent, dialogue-based
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or conversational, tutoring systems, or knowledge assessments, Niraula and
Rus 2014).

1.4.4 Alternative Data Sources

Other areas of application of MLMs for questionnaire design include the col-
lection or extraction and processing of data from alternative (Big) Data sources.
For example, collecting data from images (e.g. expenditure data from grocery or
medical receipts, Jackle et al. 2019), or websites and apps such as Flickr, Facebook,
Instagram or Snapchat (Agarwal et al. 2011), or sensors (e.g. smartphone sensors
capturing geo-location and app use, fitness trackers, or eye trackers) may allow
researchers to simplify the survey questionnaire and reduce the data collection
burden for respondents by dropping some questions entirely. Processing these
Big Data, is however, often impossible with standard techniques and requires
the use of MLMs to extract features. Among these are deep learning for image
processing (e.g. student transcripts,® photos of meals or receipts to keep food
logs in surveys about food or health,* or aerial images to assess neighborhood
safety) (Krizhevsky, Sutskever, and Hinton 2012); natural language processing
(e.g. to understand spoken meal descriptions (Korpusik et al. 2016); code student
transcripts (Shorey et al. 2018)), or the use of Naive Bayesian classifiers or
density-based spatial clustering algorithms (e.g. applied to high-dimensional
sensor data from smartphones to optimize the content, frequency, and timing
of intervention notifications (e.g. Morrison et al. 2017), to detect home location
(e.g. Vanhoof et al. 2018), or to investigate the relationship between location data
and an individual’s behavior such as exercise frequency (e.g. Eckman et al. 2019)).

1.5 Survey Recruitment and Data Collection Using
Machine Learning Methods

Machine learning can also be useful for survey recruitment to monitor and manage
data collection and to tailor data collection protocols in terms of expected response
rates, nonresponse or measurement bias, or cost considerations.

3 While Shorey et al. (2018) focus primarily on the application of deep learning techniques
enhanced with structured prior knowledge in the Minerva™ Knowledge Graph to improve
coding, imputation, and quality control of survey data in postsecondary education, they also
briefly discuss data extraction when processing transcripts, e.g. using optical character
recognition software to extract information from pdfs.

4 Calorie Mama AI (https://www.caloriemama.ai/) is one example of an app-based food AI API
to identify and track food items based on deep learning and image classification.
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1.5.1 Monitoring and Interviewer Falsification

Opportunities for interviewer monitoring and the detection of fabricated inter-
views during survey recruitment and data collection using machine learning
instead of principal component analysis, multiple correspondence analysis, or
logistic regression (e.g. Blasius and Thiessen 2015; De Haas and Winker 2016) are
now being explored. Using survey and paradata, for example, Birnbaum (2012)
investigated different scenarios® using supervised (logistic regression and random
forest) and unsupervised techniques (e.g. outlier detection via local correlation
integral algorithms) to detect fabricated interviews and describes the anomalies
found in datasets. Although the logistic regression performed comparably to the
random forest at the individual level, the random forest outperformed logistic
regression (92% accuracy) at the interviewer level (97% accuracy). The unsuper-
vised algorithms also performed significantly above chance. Sun et al. (2019) took
a different approach to detect interviewer falsification and performance issues.
The authors relied on audio-recordings of survey interviews and speech recogni-
tion to identify fabrication (via the number of speakers) and performance issues
(via interviewer reading behaviors; see also Timbrook and Eck (2018, 2019)).
They could accurately detect the number of speakers and question misreading in
their lab study, but the authors also showed that detecting the number of speakers
was highly dependent on the quality of the audio recording.

1.5.2 Responsive and Adaptive Designs

In 2012, the US Census Bureau set out to develop a new model-based
hard-to-count score by organizing the Census Return Rate Challenge that
researchers and practitioners could use to tailor data collection protocols
by “stratify[ing] and target[ing] geographic areas according to propensity to
self-respond in sample surveys and censuses” (Erdman and Bates 2017, p. 144).
The challenge asked teams to predict the 2010 Census mail-return rates using
data from the census planning database (PDB). Interestingly, the three win-
ning models used some form of ensemble methods (more specifically, gradient
boosting or random forests), and the winning model included over 300 predictor
variables. Using MLMs to prioritize variables, the Census Bureau then proceeded
to derive their new low response score (using ordinary least squares including 25
predictors identified as most important in the winning models). These data are
now available for researchers and practitioners to use at the block group and the
tract level of the PDB to adjust and tailor their data collection protocols. MLMs

5 Assuming a training dataset in which it is known which interviews are fabricated and a
scenario in which this is unknown, and whether or not researchers want to investigate
fabrication at the question(s), the individual or the interviewer-level.
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have also been applied in federal settings to prioritize resources. In particular,
Earp and McCarthy (2009) used classification trees to determine characteristics of
units most likely to respond both with and without incentives for the Agricultural
Resource Management Survey (ARMS). From these models, the team was able
to create an efficient allocation plan that provided incentives to those units for
which they would likely be most effective.

Chew and Biemer (2018) presented another approach to improve the efficiency
of adaptive and responsive survey designs by dynamically adjusting designs dur-
ing data collection using multi-armed bandits (MABs). Stochastic MABs rely on
reinforcement learning at different steps of the data collection process (e.g. using
sample batches) to balance the tradeoff between “exploiting” the currently most
successful intervention (e.g. with respect to response rates) while also “exploring”
alternative interventions. Instead of randomly allocating the entire sample into
a fixed control and treatment group prior to data collection and then assessing
the effectiveness of interventions after data collection ends, the MAB algorithm
iteratively assesses treatment effectiveness of each condition during data collec-
tion starting with a smaller sample replicate and iteratively assigns remaining
replicates. This iterative approach allows more sampled cases to be allocated to
the superior treatment earlier compared to a traditional experimental approach
(however, potentially at the cost of unequal variances). Chew and Biemer (2018)
compared the performance of a traditional experiment with that of a batched MAB
simulating unit response and showed a modest improvement in response rates
with MAB that tended to increase with larger effect sizes. The authors also showed
that MABs never perform worse than the experiment: even if there is no superior
treatment, MABs will always default to continue with random assignment and in
that situation can be considered a special case of a traditional experiment.

Another approach to tailor interventions, or rather to optimize the frequency,
timing, and content of notifications to deliver cognitive-behavioral interventions
(e.g. to use a stress management app) was presented by Morrison et al. (2017).6
Comparing the performance of intelligent, sensor-driven notifications (account-
ing for contextual information based on a Naive Bayesian classifier), to daily and
occasional notifications with predefined time frames, the authors showed there
is little difference in the percentage of notifications viewed (intelligent 30%, daily
28%, and occasional 30%). However, they also showed that the optimized timing of
the intelligent intervention increased the percentage of individuals participating in
the intervention suggested by the notification (intelligent 25%, daily 19%, and occa-

6 Just-in-Time Adaptive Interventions (JITAIs) are a class of mobile health interventions for
tailored, real-time behavior change support that is system-triggered, e.g. via the use of sensor
information (e.g. Hardeman et al. 2019; Spruijt-Metz and Nilsen 2014; Nahum-Shani et al. 2018;
Schembre et al. 2018).
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sional 19%). These findings are particularly relevant for survey researchers aiming
to optimize and tailor the timing and frequency of contact attempts to increase
unit response and for researchers using ecological momentary assessments (e.g. in
combination with global positioning system (GPS) and accelerometer data) to trig-
ger measurements based on activities (e.g. Stone and Shiffman 1994; Stone et al.
2007).

MLMs can be useful for recruitment in longitudinal settings (panels and
repeated cross-sections with a similar data-generating process), for example, to
predict panel attrition to ultimately tailor data collection protocols in subsequent
waves (e.g. Liu and Wang 2018; Kolb, Kern, and Weif3 2018; Mulder and Kieruj
2018) or mode preferences (Megra et al. 2018). Kern et al. (2019) compared five
different tree-based algorithms to a standard logistic regression model predict-
ing panel attrition. The authors showed that each of the different tree-based
algorithms had certain advantages that “can be utilized in different contexts”
(Kern et al. 2019, p. 87). While the ensemble methods, that is random forests
and extreme gradient boosting, performed particularly well for predicting nonre-
sponse, other tree-based methods, such as model-based recursive partitioning or
conditional inference trees, provided insights into distinct attrition patterns for
certain subgroups. Liu and Wang (2018) took a similar approach but compared
three different MLMs - random forests, support vector machines, and LASSO - to
a traditional logistic regression model to predict the likelihood to attrite in
a follow-up survey using prior wave information. Since these MLMs require
(almost) no model specification regardless of whether the true relationships are
relevant, linear or not, monotonic or not, or a product of self-selection, they have
the potential to increase prediction accuracy and decrease bias by more accurately
detecting the true complexity of the underlying model. The MLMs that Liu and
Wang (2018) explored did not outperform logistic regression in terms of accuracy,
sensitivity, or specificity, but these models provided valuable insights into the
relative importance and prioritization of individual variables for the prediction of
attrition.

The use of MLMs to derive propensity models and to adapt or tailor data
collection designs is not limited to panel studies. Buskirk et al. (2013) compared
the use of logistic regression and random forest models to derive response
propensity models for a large periodic, national, cross-sectional survey. The
models were estimated using responses from one cross-sectional sample along
with available household characteristics as well as aggregated census block-group
information. These models were then applied to an entirely new sample selected
in a subsequent quarter of the year using the same sampling design to estimate
temporal and external validity of the response propensity models. Buskirk et al.
(2013) found that the random forest propensity model had slightly lower temporal
validity, as measured by model accuracy and area under the curve statistics, when
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compared to a logistic regression model constructed using principal components.
Earp et al. (2014) applied an ensemble of trees to predict nonresponse using
census data and response status from multiple years of an establishment survey.
They used this model to predict response of establishments for the next survey
and found a weak, but significant, relationship between actual and estimated
survey response. These studies highlight the importance of considering temporal
and external validity measures of performance for models developed and applied
in a responsive/adaptive survey design context, especially if we suspect that
respondents from future waves of data collection might have different response
patterns or if the relationship between predictors and response changes over time.

As these examples illustrate, many types of variables are included in the
propensity models deployed within a responsive or tailored survey design and
range from only frame or auxiliary variables to a combination of these variables
and survey data. A growing body of work is exploring the application of MLMs
to paradata to create variables for inclusion in these propensity models, such as
information regarding respondent’s prior survey experience or unstructured text
from interviewer comments. Lugtig and Blom (2018) showed that paradata such
as break-offs in the prior survey wave, the time between the survey invitation and
completion, whether or not respondents needed reminders, and interview dura-
tion were among the best predictors of panel attrition and that these predictors
were largely consistent across waves. More importantly, using classification and
regression trees (CARTSs), the authors demonstrated that complex interactions
between these paradata indicators contributed to the prediction of panel attrition.
MLMs can also be used to extract indicators from paradata including unstructured
interviewer comments. Guzman (2018) used two natural language processing
methods - sentiment analysis and topic modeling - to extract information
from interviewer comments to then investigate the relationship between these
open-ended interviewer comments and panel attrition (see also Ward and Reimer
2019 for a sentiment analysis of interviewer comments and panel attrition).
The author showed that both negative sentiments and the topics covered in the
interviewer notes were significant predictors of survey completion. Ward and
Reimer (2019) noted, however, that while the sentiments found in interviewer
comments were predictive, they also tended to correlate with other paradata such
as number of contact attempts. Other challenges when working with interviewer
comments in particular pertained to the fact that interviewer comments tended
to be in shorthand, include abbreviations, and incomplete sentences (Guzman
2018; Ward and Reimer 2019).

These examples illustrate how propensity scores have been developed with
MLMs to improve unit-level responses in an adaptive or responsive survey
design context. Applications of MLMs for estimating propensity scores used for
calibrating and adjusting samples are further explored in Section 1.7.
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1.6 Survey Data Coding and Processing Using Machine
Learning Methods

One of the most labor-intensive aspects of the survey research process apart from
interviewing is the coding and processing of survey data. We consider process-
ing and coding to encompass data validation, editing, imputation, and data link-
age. Research applying MLMs to each of these aspects of coding and processing
is beginning to emerge, and we explore a great number of these in turn in this
section.

1.6.1 Coding Unstructured Text

For the processing of unstructured text and open-ended responses, survey
researchers often spend a lot of time and resources to manually code this type
of response or discard them altogether (e.g. Conrad et al. 2016; see Couper and
Zhang 2016 for an exploration how to incorporate technology in web surveys to
assist respondents). Text mining or natural language processing can help to at
least partially automate some of this process, and unsupervised algorithms can
help researchers to infer topics from the data rather than applying a predefined
set of categories (for earlier approaches to automation see, e.g. Creecy et al.
1992 or the literature review for coding and classifying medical records by
Stanfill et al. 2010). Schonlau and Couper (2016), for example demonstrated that
gradient boosting can categorize 47-58% of the open-ended responses to single
categories in surveys with an accuracy of 80% or higher, thereby significantly
increasing efficiencies particularly in large surveys. Given these results, the
authors suggested using hybrid approaches, that is, automated categorizations,
where possible, complemented with manual categorizations where necessary. An
extension of this approach using support vector machines (e.g. Schonlau, Gweon,
and Wenemark 2018), L1-regularized logistic regression, or RNN (e.g. Card and
Smith) is more flexible in that it allows for the coding of multi-categorical data.
The study by Schierholz et al. (2018; see Section 1.4.3) also supported the argu-
ments for a hybrid approach, however, in the context of predictive occupation
coders suggesting candidate job categories to respondents during the survey
interview. In a follow-up study Schierholz (2018) compared the performance of 10
algorithms - among those multinomial logistic regression, gradient boosting with
decision trees, adapted nearest-neighbor matching, memory-based reasoning,
and an algorithm based on string similarities and Bayesian ideas. The author
showed that depending on the goal of the prediction task (e.g. fully automated
coding vs. computer-assisted coding), different algorithms tended to perform
better, although their approach, based on string similarities and Bayes, tended to
outperform the other algorithms.
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Shorey et al. (2018) used a knowledge graph developed for natural language pro-
cessing tasks to incorporate prior domain knowledge (e.g. about the US education
system) to prepare student transcripts for statistical analyses. The advantage of
combining knowledge graphs with neural networks to (partially) automate cod-
ing courses from transcripts is improved information extraction and classification,
thatis, improved modeling power and decreased computational cost. More specifi-
cally, the authors showed that their system can make successful recommendations
to human coders 94% of the time (i.e. the correct course code is suggested in the
top five most likely predictions), thereby increasing intercoder reliability between
3% and 5% points (e.g. from 84% to 87% for the general course category) and coding
efficiency.

Korpusik et al. (2016) investigated coding of text and spoken meal descriptions
(for the latter using a deep neural network acoustic model for the speech recog-
nition) comparing different algorithms to assign semantic labels to these spoken
descriptions (e.g. k-means clustering) and then in a second step comparing dif-
ferent algorithms (e.g. Naive Bayes, logistic regression, and random forests) to
associate food-properties with the given label. They showed that adding word vec-
tor features significantly improved model performance in both stages.

Instead of using supervised learners that require a labeled dataset and prespeci-
fied categories, a series of more recent studies investigated the use of topic model-
ing to create clusters of categorizations that are not predetermined by researchers
(e.g. Can, Engel, and Keck 2018; McCreanor, Wronski, and Chen 2018; Ye, Med-
way, and Kelley 2018). Areas of application for topic modeling are manifold:

e Topic modeling can be used to analyze open-ended responses. For example,
Can et al. (2018) discussed how open-ended questions on data privacy in sur-
veys compare to publicly available comments in newspaper articles on the same
topic. The authors also compared topic modeling with the more traditional con-
tent analysis for each data source and showed that different data sources and
different modeling approaches may lead to different substantive conclusions.
Roberts et al. (2014) used semiautomated structural topic modeling to analyze
open-ended responses. Structural topic models have the advantage of incorpo-
rating contextual information about the document (e.g. covariates such as, gen-
der, or treatment assignment), allowing topic prevalence and topic content to
vary, and thereby allowing the estimation of treatment effects.

o Topic modeling can also be used to analyze larger bodies of unstructured text.
One example for the analyses of unstructured text involved the use of two differ-
ent topic modeling approaches to identify research on emerging and published
topics and trends in survey statistics and methodology by mining 10years
of abstracts from relevant conferences and journals (Thaung and Kolenikov
2018).
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o Topic modeling can also assist researchers to categorize question characteristics.
Sweitzer and Shulman (2018), for example, used topic modeling to code question
topics in their analysis of the relationship between language difficulty and data
quality in public opinion questions.

1.6.2 Data Validation and Editing

Data validation and data editing, that is, the examination and correction of data for
errors, has also benefited from recent developments in machine learning. For sur-
veys that are repeated periodically, instead of having subject-matter experts specify
the conditions that data edits need to satisfy, tree-based methods can be used to
automatically identify logical statements about the edits to be performed using
the historic, clean data as a training dataset (e.g. Petrakos et al. 2004; Ruiz 2018).
TREEVAL is one example of an automated data editing tool and validation strat-
egy that derives the optimal functional form of the edits and of statistical criteria
based on the training data to edit the raw incoming data (Petrakos et al. 2004). An
extension of this approach would be to use unsupervised machine learning algo-
rithms to “identify expected patterns, systematic mistakes (unexpected patterns)
or to observe cases that do not fall into any patterns” both during and after data
collection (Ruiz 2018, p. 10).

1.6.3 Imputation

Another area of application for MLMs is imputation at the unit or item level
(e.g. Lu, Li, and Pan 2007; Borgoni and Berrington 2013; Beretta and Santaniello
2016; Loh et al. 2019). More traditional imputation methods addressing item
nonresponse often face challenges. These approaches (i) often assume a (too)
simplistic missing data pattern and implement either univariate or simple
multivariate imputation (such as a monotone missing data patterns instead of
more complex missing data patterns), (ii) can be computationally inefficient,
(iii) can be impossible to estimate if there are too many auxiliary variables, or a
high rate of missing data in these auxiliary variables. To address these challenges,
researchers recently started investigating alternative approaches including
tree-based techniques. Borgoni and Berrington (2013), for example, demonstrated
the flexibility of an iterative sequential tree-based imputation assuming a complex
missing data pattern and showed that the results compare to existing techniques.
Because these tree-based models are nonparametric (an advantage), they are less
sensitive to model misspecification and outliers while being computationally
efficient even with many variables to be imputed (see also Fischer and Mittereder
2018). Loh et al. (2019) exposed CART and forest to a series of robustness analyses
and showed that tree- and forest-based methods are always applicable, fast, and
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efficient even under what they call “real data” situations where other methods,
such as likelihood-based approaches fail. At the unit level, Drechsler and Reiter
(2011) provided an example of using tree- and forest-based methods as well as
support vector machines to create synthetic data in instances in which intense
redaction was needed (see also Caiola and Reiter 2010 to create partially synthetic
categorical data). The authors showed that tree-based methods provide reliable
estimates and minimize disclosure risks.

1.6.4 Record Linkage and Duplicate Detection

Record linkage - e.g., linking records of individuals from administrative
records and survey data, traditionally either using rule-based or probabilistic
approaches — can also benefit from recent developments in machine learning
(Winkler 2006). Supervised machine learning algorithms, such as random forests,
develop a matching strategy based on a set of training data that can then be
applied out of sample (e.g. Christen 2012; Ventura, Nugent, and Fuchs 2015). The
advantage of using machine learning algorithms over more traditional approaches
is that (i) they allow the researcher to start with a range of predictor variables
and then assess variable importance to tailor the linkage strategy and determine
whether a field is relevant for linkage; and (ii) they allow predictor variables to be
continuous contrary to some of the more traditional approaches. Morris (2017)
investigates the use of logistic regression, classification trees, and random forests
to investigate the quality of administrative records composite matching a person
to their (US) census day address using administrative records, characteristics of
the person, and the housing unit. Their approach ultimately allowed researchers
to address the question as to whether or not administrative data can be used as
a proxy for nonrespondents in the 2010, and potentially the 2020, US Census
and thus contribute to cost savings if a case that was successfully matched could
be excluded from fieldwork (this is also an example of responsive designs, see
Section 1.5.2). The author showed how the choice of a particular classification
technique can imply a tradeoff between simplicity and predictive accuracy.

Unsupervised techniques have the advantage in that they do not require a
labeled training dataset and can be used to assess proximity between cases from
different datasets. Supervised and unsupervised MLMs have also been used in
sample matching (see Section 1.7.2). Related to record linkage is the detection of
duplicate records. Elmagarmid et al. (2007) presented a comprehensive review of
existing traditional and machine learning algorithms used to detect nonidentical
duplicate entries in datasets (for record linkage and deduplication, see Christen
2012).
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1.7 Sample Weighting and Survey Adjustments Using
Machine Learning Methods

Probability sample survey data is often adjusted to account for the probabilities of
inclusion as well as to mitigate potential biases due to various sources of nonsam-
pling error including coverage and response. Similar adjustments are also made to
nonprobability samples to account for nonsampling errors, most notably for cov-
erage and self-selection (Valliant, Dever, and Kreuter 2013). Although raking and
poststratification (Kalton and Flores-Cervantes 2003; Valliant et al. 2013) are two
of the most widely applied techniques to correct for coverage related issues for
both probability and nonprobability samples, to our knowledge there has been lit-
tle to no work applying MLMs to these calibration techniques. On the other hand,
a steady stream of research has explored various MLMs for propensity score mod-
eling and sample matching - two of the more common methods for adjusting for
nonresponse and self-selection (Valliant and Dever 2011; Elliott and Valliant 2017;
Mercer et al. 2017). We discuss recent developments in applying MLMs to sample
matching and propensity score estimation as it relates to sample weighting and
adjustment. Propensity score models constructed to identify respondents or used
for sample management or recruitment were discussed in Section 1.5.

1.7.1 Propensity Score Estimation

Propensity score adjustments trace their origins to observational studies that are
used to compare treatment affects when treatments are not assigned at random
(Rosenbaum and Rubin 1983). This method was since adapted to adjust for non-
response in probability sample settings (Brick 2013; Valliant et al. 2013; Baker
et al. 2013) and for self-selection in nonprobability sample settings (Valliant et al.
2013; Valliant and Dever 2011; Lee 2006). For probability samples, the propensity
scores represent the inverse probability of response modeled as a function of avail-
able covariates. In the nonprobability survey setting, propensity score estimation
is also used to derive so-called quasi-randomization weights that are estimated
from the model using nonprobability data as well as data from a probability-based
reference sample (Valliant and Dever 2011; Elliott and Valliant 2017). In either
setting, logistic regression was by far the most common approach for estimat-
ing propensity models (Lee 2006; Valliant et al. 2013). However, as discussed in
Mendez et al. (2008), limitations about specifying the parametric model form, con-
vergence, and possible under specification associated with logistic regression mod-
els create opportunities for considering other modeling approaches.
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Valliant et al. (2013) discussed how tree-based MLMs may be used for model-
ing response adjustments and how CARTs have more flexibility over chi-square
automatic interaction detector (CHAID) models (Kass 1980) in that they can cre-
ate predictions using a combination of continuous and categorical variables. As
a case in point, Lee et al. (2010) explored the use of supervised machine learn-
ing algorithms for estimating propensity scores in an epidemiological observa-
tional study. More specifically, they compared propensity scores derived from main
effects logistic regression models and a host of MLMs including CART, pruned
CART and several ensemble methods including bagged CART, boosted CART,
and random forests using various metrics of model performance. Generally, they
reported adequate performance across the various models, but note that under
moderate nonadditivity and moderate nonlinearity, the logistic regression mod-
els fared worse than models developed from ensemble methods such as boosted
CART models.

Survey researchers are making similar comparisons about various MLMs used
to derive propensity score models used for nonresponse adjustment. Much of the
current work on propensity score estimation within the survey context has started
to include many supervised machine learning algorithms, especially tree-based
methods. In probability settings, the applications of MLMs to propensity scores
explored both direct adjustments and adjustments made through propensity score
stratification (Bethlehem, Cobben, and Schouten 2011; Brick 2013; Valliant et al.
2013). Schouten and de Nooij (2005) presented a classification tree method to
construct weighting strata that simultaneously account for the relation between
response behavior, survey questions, and covariates. Phipps and Toth (2012)
applied regression trees to data from the Occupational Employment Statistics
Survey to estimate response propensities for sampled establishments.

Lohr et al. (2015) also explored propensity estimation with an expanded collec-
tion of methods including CART (Breiman et al. 1984), conditional trees (Strobl
et al. 2007), random forests (Breiman 2001), and trees with random effects (Sela
and Simonoff 2012). Lohr et al. (2015) also evaluated mean squared errors for
survey-related estimates based on propensity weights derived using several differ-
ent approaches including direct adjustment, propensity stratification adjustment,
and terminal nodes for the CART and conditional tree models as suggested by Toth
and Phipps (2014). Propensity models for each of the MLMs included both a regres-
sion approach (e.g. treating binary response as a continuous 0/1 variable) as well
as classification (e.g. treating the outcome as binary/categorical). The team tested
the performance of these MLMs and adjustment approaches under 32 different
sample scenarios formed by varying the response rates, nonresponse mechanisms,
number of primary sampling units, and the degree of latent nonresponse within
primary sampling units (PSUs). Within each particular MLM, Lohr and colleagues
also varied particular tuning parameters such as minimum node size and other
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process settings such as the use of pruning or not and incorporating weights or not,
among others. This study represents one of the most comprehensive comparisons
of propensity methods, theoretical response mechanisms, and MLMs to date. In
the end, Lohr et al. (2015) found that unadjusted settings, which included no prun-
ing, no use of weights and other adjustment factors resulted in better performance.
They also reported that regression versions of trees and forests performed better
than classification versions and found that conditional tree models outperformed
CART models in almost every scenario they considered. The team noted that of
all the methods, random forests fared the best under direct propensity adjustment
but did not fare as well under propensity stratification.

The results reported by Lohr et al. (2015) regarding random forests were fairly
consistent with those reported by Buskirk and Kolenikov (2015) who also com-
pared random forest models to logistic regression models for deriving propensity
adjustments to sample surveys using both the direct and stratification approaches.
However, the results of Buskirk and Kolenikov for random forest models using
propensity stratification were far less favorable because the resulting survey
estimates had much larger variances compared to direct propensity estimation or
to logistic regression models with either direct or stratification adjustments. The
team noted that large ranges in estimated propensities resulted in respondents
being assigned to different propensity strata across bootstrap resamples that
were used in evaluating the variances. Lohr et al. (2015) did not evaluate mean
squared errors using replicate variance but instead relied on repeated subsamples
taken from a larger population. Differences in these two studies also illuminated
an important point when comparing various applications of MLMs to derive
and apply propensity adjustments. Namely, to examine differences in results,
it is important to consider both the type of adjustment method (e.g. direct vs.
stratification) and the type of MLM as well as the tuning parameters and other
related settings along with the method of evaluation. Although most MLMs are
robust to a wide range of tuning parameters, differences in them can impact
the results even when all other settings, data sources, covariates, methods, and
adjustment techniques are equal.

Within the nonprobablity framework, estimation of propensity models to create
so-called pseudo-weights under the quasi-randomization framework (Valliant
and Dever 2011; Elliott and Valliant 2017) have been generated in large part using
logistic regression models but a growing body of research is also exploring a wide
array of MLMs. The choice of how weights are computed from derived propen-
sities can be an important factor in comparing various MLMs and approaches.
Nearly all of the studies we reviewed used the Hajek weights, which equal the quo-
tient of the estimated probability for being in the probability sample divided by the
estimated probability the case was from the nonprobability sample as explained by
Schonlau and Couper (2017) and Elliott and Valliant (2017). Mercer (2018) used
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Bayesian Adaptive Regression Trees to create propensity-based pseudo-weights
and doubly robust estimates for several nonprobability surveys. Mercer et al.
(2018) expanded the use of tree-based approaches to an ensemble approach by
applying random forest models based on two different sets of covariates to derive
propensity models for creating pseudo-weights for an array of nonprobability
samples. They also apply a calibration step to created pseudo-weights to balance
the final weighted nonprobability sample to known population benchmarks as a
way to smooth out or minimize the impact of extreme weights. They found that
the combination of propensity models along with a final raking step performed
better than raking alone, but also that propensity models alone fared worse
than just raking. They also note that beyond the method of adjustment what
mattered most was the choice of covariates citing that the expanded covariate
set consisting of both demographic and politically related variables reduced
biases more than just using demographics alone. This result reiterates the strong
ignorability assumption that Schonlau and Couper (2017) reference when empha-
sizing that the success of the propensity scoring adjustments depends strongly
on whether the available auxiliary variables adequately capture the difference
between the nonprobability sample and the reference sample for all outcomes of
interest.

Garcia and Rueba (2018) expanded further still the MLMs applied to deriving
pseudo-weights based on propensity models estimated using several decision tree
methods, k-nearest neighbors, Naive Bayes, random forests, and gradient-boosting
machines under various scenarios that varied the number of covariates and sample
sizes for the nonprobability sample. They reported that nearest-neighbor meth-
ods provided good performance as long as the number of covariates was small
and Naive Bayes created unstable estimates for most scenarios. They reported that
beyond these results, the performance of MLMs varied according to the sample
size of the nonprobability sample as well as the type of underlying mechanism
governing self-selection.

Although many of these studies used tree-based methods for estimating
response propensities, either as adjustment factors in probability samples or as
the basis of pseudo-weights in the nonprobability setting, the approach used
to estimate these propensities as well as methods to bin them into strata is
important. Lohr et al. (2015) as well as Buskirk and Kolenikov (2015) noted
that regression approaches to these decision tree-based models proved better for
estimating propensities - that is decision trees were applied to binary 0/1 outcome
treated as a continuous variable. Settings in the MLMs such as minimum node
size might impact the overall range of estimated propensities, making some
of these estimated to be 0 and others 1, which will create irregularities in the
weighting adjustments. Buskirk and Kolenikov (2015) explicitly transformed the
propensities derived from forest models slightly to prevent these irregularities.
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Provost and Domingos (2003) encouraged the use of probability estimating tree
approaches to creating propensities from these types of MLMs by applying a
Laplace correction to the estimated propensities that is a function of the sample
size and number of classes underling the prediction problem (e.g. two classes,
in the case of response). Their early work on applying this adjustment approach
indicated increased accuracy and stability in the resulting estimated propensity
scores. Of course, when propensity stratification is used, there is less concern
about the irregularities imposed by estimated propensities that are 0. In most
of the survey research literature a general rule of 5-10 propensity strata is used
(Cochran 1964). However, as Buskirk and Kolenikov (2015) point out, the range
of propensities estimated from MLMs is often wider than that observed for logistic
regression models, largely because these MLMs often include more complex
model structures incorporating important interactions and higher-order effects
that might not be included in parametric models based on logistic regression.
For propensity stratification to be effective, the values of the propensity scores
should be similar within strata (see Lee 2006) and so for the case of MLMs,
the common practice of using five groups may be insufficient for the range of
estimated propensities often seen with MLMs.

1.7.2 Sample Matching

Sample matching is another technique currently being explored for mitigating the
effects of nonresponse in probability surveys and self-selection in nonprobabil-
ity surveys (Baker et al. 2013; Bethlehem 2015; Elliott and Valliant 2017). Sim-
ply put, sample matching in the nonprobability sample setting matches a subset
of members from the nonprobability sample to members of a smaller, reference
probability sample using a set of common covariates (Elliott and Valliant 2017;
Bethlehem 2015). Mercer et al. (2017) drew parallels between sample matching for
observational studies and how this approach can be adapted to the nonprobabil-
ity framework. Essentially, sample matching can be done at the population level,
as in quota sampling, or at the individual or case level. MLMs have been almost
exclusively applied to facilitating matches at the individual level. Cases are iden-
tified as matches by using some type of proximity measure computed based on a
set of covariates measured from both the nonprobablity sample and the reference
sample. Proximity measures can be computed using MLMs based on any number
and combination of categorical and continuous variables offering an advantage
over more traditional metrics such as the simple matching coefficient or Euclidean
distance which suffer from the so-called “curse of dimensionality” and generally
require all variables to be of the same type. These proximity measures can also be
used to facilitate record linkage and more applications of MLMs in this context are
described in the Section 1.6.4.
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Regardless of the number of variables used in sample matching, Mercer et al.
(2017) noted that the utility of the method hinges on identifying variables related
to the survey outcomes of interest as well as those that ensure at least conditional
exchangeability within the nonprobability sample. For a given nonprobability sur-
vey, these variables may not be available on the reference survey but could be
added rather easily if a small probability-based reference survey was available as
was the case in the applications of sample matching employed by Buskirk and
Dutwin (2016). Valliant et al. (2013), Bethlehem (2016), and Mercer et al. (2017)
noted that the reference survey must be a good representation of the target pop-
ulation for sample matching to be effective in reducing biases. Generally, there is
a tradeoff in the flexibility afforded by smaller target samples and the representa-
tion offered by larger government surveys, for example (Elliott and Valliant 2017).
Mercer et al. (2018) applied a clever method of creating a synthetic reference sam-
ple by first imputing variables from the Current Population Survey and the Gen-
eral Social Survey to cases in the American Community Survey using a hot deck
procedure powered by a random forest model. An expanded so-called synthetic
sample resulted that expanded the possible variables in the American Community
Sample available for use in the matching process. They created matches between
this reference sample and various nonprobability samples using proximity mea-
sures derived from a random forest that classified cases in a combined dataset as
being from the reference or nonprobability datasets. Mercer et al. (2018) noted that
estimates produced with sample matching using both demographic and political
variables resulted in the lowest average bias across the full set of benchmarks that
were considered. They also noted that using raking alone resulted in just slightly
more biased estimates, overall. Matching also tended to improve as the ratio of the
sample size of the nonprobability sample to the reference dataset increased.

Buskirk and Dutwin (2016) also applied random forest models to match non-
probability sample cases to a small probability-based reference survey. However,
in their approach, they used an unsupervised version of random forest methods to
create a forest model describing the structure present in the probability reference
set using two different sets of covariates measured from both samples. Proximity
measures between cases in the probability reference sample and nonprobability
sample were then estimated using this random forest model. Similar to the work
of Mercer et al. (2018), Buskirk and Dutwin explored a simple set of covariates as
well as an expanded set of covariates and varied the ratio of the nonprobability
sample to the probability sample. They found that the matched samples generated
using proximities computed using random forest models were generally consistent
with those computed using the simple matching coefficient but in some scenarios
were more stable across multiple replicate samples.

To date, we know of no study directly comparing the use of supervised vs.
unsupervised applications of random forest models or other MLMs to estimate
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proximity measures that can be used in the matching process. One advantage of
using the unsupervised approach is inherent in the desired outcome to generate
proximity measures within a full range so the matching process can better discern
the best matching case. With supervised methods, the algorithms are optimized
to create final nodes that are pure in terms of sample parity - putting cases from
the probability samples in the same nodes and the same for nonprobability cases.
Of course, there are exceptions, and not every node is completely pure allowing
for some variability in the proximity measures derived from these supervised
tree-based models — which base proximity calculations on a function of the
proportion of times two different cases in the combined file fall in the same
final node. With the unsupervised approach, there is no label of sample parity
that allows the algorithm to naturally find patterns in the datasets based on the
variables used in the matching process. One might argue that using the reference
sample only in this step is important, especially if it is a better representation
of the target population so that these patterns are not spurious or driven by
self-selection or other issues possibly present in the nonprobability samples.
Then using this model as the basis of measuring proximity between probability
and nonprobability is more of a function of the relationships present among
the matching variables and as such should lead to a wider range of proximity
measures. Buskirk and Dutwin’s work illustrated differences in the range of
proximity measures created from using unsupervised random forests and those
computed using the simple matching coefficient from the same covariate sets
and found that the measures from the simple matching coefficient were very
negatively skewed and concentrated very close to 1, while those from the random
forest model were more evenly spread between 0 and 1.

1.8 Survey Data Analysis and Estimation Using
Machine Learning Methods

Analysis of probability-based survey data requires understanding of the sam-
pling design structure and generally, estimates are derived that incorporate this
structure and a set of final sampling weights. Two broad frameworks are used
to analyze and produce estimates from survey data — the so-called design-based
framework that focuses on repeated sampling to generate inference and a
model-based framework that leverages a postulated statistical model for the
relationships among variables to create estimates. Models can be incorporated
into the design-based approach to improve the efficiency of estimates using the
model-assisted approach as described by Breidt and Opsomer (2017). Although
the model-based framework is not as common for generating estimates from
probability samples, it is becoming popular for generating population estimates
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using nonprobability samples (Elliott and Valliant 2017). Applications of MLMs
for estimation in the survey context are concentrated around three main areas,
the first of which leverages capabilities of MLMs to identify key correlates of a
survey outcome of interest from among many possible variables measured within
the survey context and to gain insights into possible complexities in relationships
among these variables. The second area encapsulates adaptations of these MLMs
to incorporate survey design and weighting features for use in design-based
population inference. And finally, the third area leverages the predictive nature
of these MLMs within a model-assisted framework to improve finite population
inference for both probability and nonprobability surveys. We review some of the
current advances in each of these areas, in turn.

1.8.1 Gaining Insights Among Survey Variables

Arpino et al. (2018) used survival random forests to model changes in marital sta-
tus over time in Germany based on data from the German Socio-Economic Panel
survey to understand determinants of marriage dissolutions in Germany over the
past two decades. They used variable importance measures to identify influential
variables with the largest impact on predicting dissolution of marriages and par-
tial dependence plots to gain insights into the direction of the association between
the most influential variables and marriage dissolution status. Their investigation
revealed that relationship between key continuous predictors and the marriage
dissolution status may not be linear and that other effects may be affecting the out-
come not as a main effect but through the moderation of another variable. These
insights highlight future work in confirming these more complex relationships
among a key set of predictors and marriage dissolution status.

As the previous example illustrates, variable importance measures, for example,
derived from random forest models can be helpful in providing focus on a much
smaller set of influential covariates. However, importance measures derived
using regular random forests are often biased in the presence of many variables
that might be correlated or might be of different variable types (Strobl et al.
2007). In the survey setting, some level of correlation or association almost
always exists between the variables for any given prediction problem, and we
certainly have a mix of variable types. So to identify a smaller set of important
variables within the survey context, an alternate version of variable importance
is needed. The fuzzy forests method applies a recursive feature elimination
process and has been noted to offer estimates of variable importance that are
nearly as unbiased as those computed for the more computationally expensive
conditional forests (Conn et al. 2015). Dutwin and Buskirk (2017) applied a
series of fuzzy random forest models to first identify a smaller set of important
predictors for predicting household Internet status, from a collection of over 500
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variables identified from 15 probability-based surveys. The goal was to identify
a small, manageable set of variables that could be used to create a model for
predicting Internet status and then be used to create weighting adjustments
for coverage in subsequent online samples that fielded this small collection of
questions. A probability-based RDD survey was fielded that identified about
the same number of Internet and non-Internet households that asked the three
dozen questions identified as important by the fuzzy forest models. Another
fuzzy random forest model applied to the RDD survey data identified a final
set of about a total of about 12 demographic and nondemographic variables
that were most important for predicting Internet status. A final regular ran-
dom forest model predicting non-Internet status was fit using data from the
RDD survey and model performance measures for this model revealed that
the demographic variables were important for identifying households without
Internet (e.g. high sensitivity), while the core set of nondemographic variables
were most powerful for identifying those households with Internet (e.g. high
specificity).

1.8.2 Adapting Machine Learning Methods to the Survey Setting

Although the number of studies making adaptations of existing MLMs to
incorporate sample design and weighting information is rather limited to date,
we anticipate that such studies will continue to increase in the near future
and will collectively represent an important contribution of survey research,
statistics, and methodology to data science. McConville et al. (2017) adapted
the LASSO and adaptive LASSO approaches to the survey setting. Their work
established the theory for applying these methods to probability survey data and
proposed two versions of lasso survey regression weights so that this method
can be used to develop model-assisted, design-based estimates of multiple survey
outcomes of interested. In a similar vein, Toth and Eltinge (2011) developed a
method for adapting regression trees via recursive partitioning to the probability
survey context by incorporating information about the complex sample design,
including design weights. Toth (2017) later developed the R-package, rpms,
that makes estimation of regression trees numerically possible and accessible for
probability-based survey data. Toth and Eltinge’s work also unlocked the potential
for using regression trees within the model-assisted approach to design-based
inference. McConville and Toth (2019) explored regression tree estimators to
automatically determine poststratification adjustment cells using auxiliary data
available for all population units. They noted that one strength of this method
over other model-assisted approaches is how naturally regression trees can
incorporate both continuous and categorical auxiliary data. These poststrata
have the ability to capture complex interactions between the variables, and as
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shown in the simulations, they can increase the efficiency of the model-assisted
estimator. Additionally, the estimator is calibrated to the population totals of each
poststratum.

Although not explicitly applicable only to survey data, Zhao et al. (2016) adapted
random forest models to handle missing values on covariates and for facilitating
improved estimation of proximity measures that rely on all observations rather
than just those that are out of bag. Although individual decision trees have the
ability to handle missing data via surrogates, this advantage is lost within the gen-
eral random forest approach by virtue of the mechanics of only selecting a subset of
variables for node splitting at each node. Zhao et al. applied this adapted random
forest method to examine impacts of smoking on body mass index (BMI) using
data from the National Health and Nutrition Examination Survey. Missing val-
ues were implicitly handled within their revised approach via surrogates and thus
eliminated the need to explicitly imputing missing values for any of the covariates
used in the model.

1.8.3 Leveraging Machine Learning Algorithms for Finite Population
Inference

Breidt and Opsomer (2017) explored how MLMs can be used as the basis of
the working models in the model-assisted approach to design-based estimation
for probability samples. They provided a general framework within which
predictions from various MLMs can be incorporated and used to derive finite
population estimates and inference. They specifically illustrated how methods
like k-nearest neighbors, CARTs and neural networks could be used within this
framework. More recently, Buelens et al. (2018) explored similar approaches for
using MLMs for inference from nonprobability samples. Their work compares
quasi-randomization methods to model-based methods (or super-population
models, as more formally explained by Elliott and Valliant (2017)), where various
MLMs are used in creating the models. More specifically, Buelens et al. (2018)
compared sample mean estimation, quasi-randomization pseudo-weighting
based on poststratification via a known auxiliary variable for the entire pop-
ulation, generalized linear models, and a host of MLMs including k-nearest
neighbors, ANNS, regression trees and support vector machines as the basis of
generating model-based estimates. They tuned each of the MLMs using a repeated
split-sample scenario based on 10 bootstrap replications, and the optimal values
of the respective tuning parameters were then used to form models upon which
final estimates were generated. In predicting a continuous outcome, Buelens
and colleagues reported generally adequate, although varied, results from the
MLMs compared to using either the sample mean or the pseudo-weighted
quasi-randomization based estimator. Generally, the MLMs removed more or
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nearly the same amount of bias due to self-selection compared to either the
sample mean or pseudo-weighted estimator, especially under moderate to severe
levels of self-selection. They also identified support vector machines as a top
performer compared to all other methods in almost all scenarios they examined.

Model-based estimates generally work well if the predictions made using the
model are well suited for population members not included in the sample. The
models are estimated using data from the sample (be it probability or nonproba-
bility) based on a set of covariates that are available from members of the sample
and population. If these covariates fail to fully represent the self-selection bias
mechanism, the range of values on the outcome of interest may differ between the
sample and population members not included in the sample. If so, some models
will not be able to generate predicted values that extrapolate beyond the range
of values observed from the population and this limitation will result in biased
model-based estimates. Buelens and colleagues noted this limitation for the
sample mean, pseudo-weighted estimator, k-nearest neighbors, and regression
trees. They noted that generalized linear models, neural networks, and support
vector machines (from among the MLMs they explored) are stronger choices in
this situation. Reiterating points of exchangeability made by Mercer et al. (2017),
the ability to have auxiliary information that can explain this self-selection and a
predictive algorithm that can utilize it are very important. As this current work
demonstrates, MLMs are not all equal in their ability to use such information
adequately and some have limitations for such applications making method
selection an important component in addition to variable selection for creating
finite population inference using nonprobability samples.

1.9 Discussion and Conclusions

This collection of examples, while not exhaustive, provides a glimpse into how
survey researchers and social scientists are applying an assortment of data
science methods within the new landscape. These examples show that data
science methods are and can add value to the survey research process. But what
is not as clear, yet, is just how the social sciences can add value to the broader
data science community and Big Data ecosystem. Grimmer (2015) was quick to
identify strengths that social scientists and survey researchers can bring to this
conversation by stating, “Data scientists have significantly more experience with
large datasets but they tend to have little training in how to infer causal effects in
the face of substantial selection. Social scientists must have an integral role in this
collaboration; merely being able to apply statistical techniques to massive datasets
is insufficient. Rather, the expertise from a field that has handled observational
data for many years is required.” In fact, the much-reported algorithmic bias
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among data scientists is a problem almost certainly related to coverage bias — an
issue survey researchers have been investigating and mitigating for decades.
More generally, advances on understanding and quantifying data error sources
are yet another example where survey researchers can add value to the Big Data
ecosystem. But apart from methodology, we believe that survey data in and of
itself can add much needed insights into this ecosystem with the value proposition
being directly related to the fact that surveys are often designed to maximize
information about context and provide signals related to the “why” question. In
this vein, survey data offer valuable additional sources of information that can
enhance prediction accuracy.

This chapter is in no way comprehensive. Our goal was to provide survey
researchers and social scientists, as well as data and computer scientists with
some examples and ideas that illustrate how MLM:s are and can be used through-
out the main phases of the survey research process. If we were to cluster these
examples in terms of how MLMs have been used, we would find four major
uses simply labeled as processing, preparation, prioritization, and prediction.
Within each of these four main application areas we saw many cases where
MLMs offered considerable benefit to the survey process. We saw examples that
leveraged both human effort and MLMs to create better outcomes with respect
to the survey research process. We also saw many examples where the MLMs
enhanced the process by providing insights into how best to use human effort and
machine effort. However, we saw very few examples where MLMs were working
completely autonomously within the survey research process. Collectively,
these studies seem to suggest that while MLMs offer efficiencies not realized
without their use, human decision-making and engineering the application and
deployment of these methods is tantamount to their success throughout the
survey research process. Nonetheless, in the new landscape, the rise of MLMs
has provided survey and social scientists with additional resources that — while
certainly no cure-all for the challenges our fields face - are meaningful and
warrant further exploration.
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