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Abstract
Behavioral science and machine learning have rapidly progressed in recent years. As
there is growing interest among behavioral scholars to leverage machine learning, we
present strategies for how these methods that can be of value to behavioral scientists
using examples centered on behavioral research.
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1 Introduction

Machine learning (ML)—a field of computer science dedicated to developing learning
algorithms, often using big data, to generate predictions needed to make decisions
(Agarwal et al. 2018)—has made its way into marketing research. At the same time,
behavioral science—broadly defined as a branch of science that studies human
behavior—has gained prominence across many sub-disciplines of applied business
and policy research. Behavioral science is now using big data for theory testing across
many domains, such as business, health and wellness, and education. For example, a
growing number of studies leverage big data obtained from field experiments (Berger
and Milkman 2012) and pooled experiments (Hartford et al. 2016). Given this newly
available data, behavioral scientists can benefit from machine learning to tackle
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important methodological challenges, such as heterogeneous treatment effects, stimulus
sampling, and missing outcomes. With the right analytical tools, various types of big
data can complement behavioral research: visual information including images posted
by firms and customers (Hagen 2020; Liu et al. 2019), fMRI brain scans (Pereira et al.
2009), user spatial patterns (Blanchard et al. 2020; Hui et al. 2009), smart mirror feeds
(Lu et al. 2016), and satellite imagery of consumers’ living environment (Bollinger
et al. 2019); textual data from company communications (Anand et al. 2020), customer
reviews (Chakraborty et al. 2019), and online user-generated content (Puranam et al.
2017; Netzer et al. 2012); as well as high-frequency data about education (Lu et al.
2017), entertainment (Nevskaya and Albuquerque 2019), and exercise (Aral and
Nicolaides 2017) behavior. The availability of these data provides new opportunities
to study behavioral research topics with ML innovations.

Motivated by these opportunities, this article offers a primer on machine learning for
behavioral scientists. We first provide a high-level overview of the type of data
typically used in different ML methods, followed by more detailed descriptions of
well-established ML methodologies (e.g., supervised learning, unsupervised learning,
semi-supervised learning) that can be of value to behavioral researchers. After estab-
lishing this technical background, we offer detailed examples of how various ML
methodologies can be used for specific behavioral research topics.

2 Overview of ML methods

We first provide a brief overview of ML methodologies most likely to be useful to
behavioral researchers, focusing on the general intuition and objective behind each as
well as illustrating behavioral research they may complement. For technical details, we
recommend Dzyabura and Yoganarasimhan’s (2018) book chapter.

Common across most ML procedures is the process of training a statistical learning
model to make predictions for making data-driven decisions. Typical ML procedures
require the researcher to allocate some data for algorithm training, while the remaining
data is held-out for testing. The general objective for a canonical ML problem is to fit a
model that makes a prediction using the predictors from training data and see how well
the predictions match with reality when the fitted model is applied to the testing data.
With a set of predictors from the data and specific assumptions about the model for
fitting the data, a ML algorithm will generate predictions.

While the number of ML methods is vast, they can be grouped into three broad
categories based on the type of training data typically required: supervised learning,
unsupervised learning, and semi-supervised learning. A separate class is reinforcement
learning (i.e., computational learning from interaction), which we only discuss briefly
in the conclusion.

2.1 Broad comparison of ML methods by way of example

Before discussing each method type, it will be helpful to think about the key
differences across these methods while abstracting away from the fine-grained
details about the models. To frame our comparisons (Table 1), we will refer to some
hypothetical behavioral research that aims to study the relationship between
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customer personality and social media activity. The data available to the researcher
might include participants’ responses to online personality quizzes embedded on the
social media platform (or perhaps personality inventories collected in the lab) and
textual data scraped from their social media posts. The variables of interest are the
personality traits, so we will refer to this variable as the outcome. For a more detailed
survey of the analysis of text data in marketing, we refer the reader to Berger et al.
(2019).

Supervised learning involves some variables labeled as predictors and other vari-
ables as outcomes. In this context, it could be used to identify what aspects of the
textual content of users’ social media posts (i.e., predictors) predict certain personality
traits (i.e., outcomes).

Unsupervised learning, in contrast, only involves predictors. Instead of predicting a
specified outcome, predictors are used to group entities of interest by similarity. In this
context, a method like K-means clustering could be used to segment individuals based
on the similarity of the content of their social media posts.

Finally, semi-supervised learning could be used to first fit a model to predict
personality traits (i.e., outcomes) from social media posts (i.e., predictors) using labeled
data from users from whom both are available, and then apply a predictive model that
accommodates for observations with and without personality trait scores (e.g., users
who did not complete the quiz).

In this example, some of the benefits and caveats of each methodology become
apparent. Supervised learning, for instance, requires that the outcome of interest be very
clearly defined, which may be difficult without a priori knowledge of the underlying
behavioral theory (in this example, which trait is a relevant outcome, and what
constitutes a valid measure of the trait). Conversely, unsupervised learning is very
open-ended and does not necessarily yield readily usable predictions, as the segments
obtained via clustering still require human interpretation to make meaning of what the
grouping may represent (here, understanding the dimensions that define each cluster of
social media personality type). Semi-supervised learning may offer an appealing
solution to researchers who have a small-scale labeled dataset from the lab, but want
to integrate into their analysis a large sample of unlabeled data (in this case, augmenting
a laboratory sample with scraped from social media).

2.2 Supervised learning

This type of ML requires training data to be labeled, which means that the model is
fitted using an outcome of interest (i.e., each observation’s label). Two commonly used

Table 1 Summary of ML methods in example

Method Data requirements Example: extracting personality

Supervised {Outcomes, Predictors} {Personality traits, Social media posts}

Unsupervised {Predictors} {Social media posts}

Semi-supervised Some obs. ➔ {Outcomes,
Predictors}

Most obs. ➔ {Predictors}

Some obs. ➔ {Personality traits, Social media
posts}

Most obs. ➔ {Social media posts}
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supervised learning algorithms include least absolute shrinkage and selection operator
(LASSO) and random forests.

LASSO is in many ways similar to standard linear regression and classification,
though it contains additional constraints. These constraints help the algorithm perform
variable selection, such that an important output from this algorithm in addition to the
prediction itself are indications of which predictors to keep and which to drop through
regularization that helps prevent overfitting (Zhu et al. 2019). In other words, unlike
linear regression, where the researcher must predetermine a subset of variables to test as
predictors, the algorithm considers all variables in a large set and identifies the subset of
suitable predictors. The data-driven approach to dropping predictors is especially
helpful when the number of predictors approaches the number of observations, which
can lead to inaccurate predictions. Model complexity issues are likely to arise in
behavioral studies for which the researcher collects many variables for each participant
(e.g., demographics, psychographics, information collected from Internet-of-Things
devices), but the number of participants is small. The use of LASSO may help a
behavioral researcher by facilitating variable selection, which can help prioritize data
collection efforts in the future if each variable is costly to collect (be it in terms of
money, time, or logistical challenges). To implement the LASSO, one can use the R-
package glmnet.

Another popular method is random forest. It is a technique for classification/
regression that makes use of many decision trees, where each tree represents a “human”
decision maker. Each decision tree alone may not be accurate, but when pooled
together, prediction accuracy can improve. Furthermore, this algorithm can accommo-
date for any number of interactions between predictors when training the model, which
is often of interest in behavioral research. In particular, the researcher does not have to
assume a priori which variable interactions to consider. In addition to the prediction,
post-estimation output of this algorithm also includes an variable importance ranking,
which ranks the variables based on predictive value, that is, by how much model fit
would deteriorate if a variable were to be omitted. For this reason, this algorithm can
also be used for reducing model complexity as in the LASSO but requires more human
discretion than the LASSO in terms of choosing a ranking threshold below which to
drop predictors. To implement the random forest, one can use the R-package
randomForest.

2.3 Unsupervised learning

This branch of MLmakes use of training data that does not contain labels, which means
that the model is not fitted using outcomes, but instead fitted using only predictors with
the objective to group entities by their similarity. A familiar problem that these methods
can solve is dimension reduction (e.g., grouping high-dimensional stimuli), akin to
factor analysis or multidimensional scaling methods. Some unsupervised learning
algorithms include clustering and autoencoders.

Clustering is a technique that aims to find subgroups or clusters in the data using the
predictors alone. Such techniques are already commonly used in behavioral research.
K-means clustering is an iterative approach for partitioning the data into K distinct and
non-overlapping clusters. The researcher sets the number of clusters desired, and the
algorithm identifies clusters for which within-cluster variation is as small as possible.
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Iterations continue until each observation to the cluster can be assigned to a cluster
centroid. Tasks that can be accomplished using K-means clustering include grouping
similar images, text excerpts, or historical trajectories of observed behavior together. K-
means clustering can be implemented using the R-command kmeans.

Autoencoders can be thought of as another dimension reduction technique. It is a
neural network that aims to reconstruct the algorithm’s input data, like images and text.
The process of reconstructing the input involves a feature space, which has a lower
dimensionality than the input space (e.g., a picture with thousands of pixels translated
into several key features). Consequently, the feature space is a simpler, more useful,
descriptive summary of the original high-dimensional data. Autoencoders can be
implemented using the R-package autoencoder.

2.4 Semi-supervised learning

Semi-supervised learning brings together labeled and unlabeled data, and uses them to
fit a classifier simultaneously (Chapelle et al. 2006). This approach is ideal if the
researcher has partially censored data, where the outcome is only observed for a
fraction of the observations. Such data structure might exist if the researcher collects
data both passively (e.g., wearable technology, web searching behavior) and actively
(e.g., surveys, lab responses), whereby observations from passively collected (big) data
may not necessarily contain the exact outcome of interest unlike in actively collected
data. These methods can be used when predictive factors need to be inferred from the
data. In particular, a likelihood function used to fit the predictive model can consist of a
composite of a linear regression (for when the outcome is observed) and a type-1 Tobit
model (for when the outcome is not observed).

3 Integration of behavioral science with ML

This section highlights a few detailed examples of how ML methodologies may
support behavioral research. While these examples do not cover all possible research
streams that can benefit fromMLmethods, they showcase particular behavioral science
challenges that ML can help overcome.

3.1 Supervised learning for estimating heterogeneous treatment effects

Many behavioral science questions involve the impact of judgments relative to the self or
some idiosyncratic reference point (e.g., social comparison against others; gains and losses
relative to some reference point; deviation from some norm). Such comparisons may
influence consumer behavior and real-world outcomes, like educational attainment
(Brewer and Weber 1994) and health/wellness (Lockwood et al. 2005). In controlled
laboratory experiments, heterogeneity in subjects’ self-view or current state can sometimes
be mitigated (e.g., inducing subjects to think of a particular target that makes them feel
inferior; endowing all participants with the same amount ofmoney before they gain or lose
anything), but in real-world settings, subjects enter in different states that can produce
heterogeneous treatment effects. For instance, the identical social comparison target may
constitute upward social comparison for one research subject, but downward comparison
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for another, and thus produce vastly different treatments for these two individuals (Pelham
and Wachsmuth 1995). Furthermore, variation in the group composition itself might
further amplify this heterogeneity (Uetake and Yang 2019).

A challenge that such heterogeneous treatment effects introduce is that group means
used to compare two supposedly categorically different treatments may be diluted by
the potentially large variation within treatment groups. Traditional solutions in behav-
ioral science that address heterogeneous treatment effects include non-parametric
approaches like propensity-score matching. But such methods often require a priori
knowledge of which combinations of moderators need to be included.

To accommodate for potential heterogeneous treatment effects, behavioral science
can use causal forest estimation techniques in conjunction with randomized control
trials (Wager and Athey 2018). These methods essentially use the supervised learning
technique to establish propensity trees (rather than propensity scores) for matching
treatment and control groups. Unlike the traditional propensity score matching, causal
forests allow the data to determine the dimensions most important to consider when
selecting the nearest neighbors. Causal forests can be implemented using the R-package
grf, and this technique has been used in recent quantitative marketing research to study
heterogeneous treatment effects (Ascarza 2018; Guo et al. 2019; Kim et al. 2019).

3.2 Unsupervised learning for stimulus sampling

Behavioral researchers frequently study the effect of some composite judgment (e.g.,
product esthetics; a brand’s “warmth”) on related behavior or other judgments. A typical
approach in behavioral science is to identify one particular manifestation that epitomizes
the construct of interest (e.g., one specific target rated as physically attractive in a pretest)
to use as an experimental stimulus. However, this practice may lead to rather arbitrary
stimulus selection, as any number of stimuli may embody the construct of interest.

Unsupervised learning techniques can be used to group real-world stimuli, which
can aid researchers in determining the most relevant features that jointly give rise to the
composite judgment. For example, to study the effect of esthetics on brand attitudes,
researchers may recruit test subjects to respond to a large set of real visual ads, some of
which may later serve as experimental stimuli. The visual ads can be considered high-
dimensional data, and unsupervised learning will help reduce their dimensionality, for
example, by clustering them into groups of particularly similar types of visual ads
(Sanakoyeu et al. 2018). This dimension-reduction may then help researchers identify
salient visual stimuli that can be used interchangeably in later experiments; it may
inform their thinking about what key esthetic ingredients differentiate the clusters and
may direct stimulus design; and it may even guide their theoretical thinking about the
nature of the esthetics construct in question.

An attractive feature of deep unsupervised learning is that researchers can leverage
pre-trained neural networks to take full advantage of machine learning architecture that
has been refined over the years using large amounts of data from publicly available
repositories. This computational advantage is less prevalent in classification exercises
that use mean-field approximations (Tanaka and Titterington 2004). Using an
autoencoder algorithm, researchers can organize a large set of stimuli in an agnostic
manner prior to the experiment. Different types of visual stimuli can then be assigned
across individuals to evaluate which types elicit positive responses.
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3.3 Semi-supervised learning for evaluating dynamic behavioral phenomena

Many consumer behaviors evolve over time (e.g., information search, expertise, en-
joyment, motivation). Lab experiments can assign some individuals into a treatment
group and observe the dynamics of their behavior or outcomes over time, but a
nchallenge of longitudinal studies is the exacerbated burden on the participant and
issues with (potentially differential) attrition.

A large body of work on dynamic behavioral phenomena include goals and moti-
vation. Experiments in this area of research have offered important insights about how
to spur goal-directed action (Fishbach and Touré-Tillery 2013), but there is an increas-
ing desire to study the same phenomenon in the field (Gordon et al. 2019; Kettle et al.
2016; Suher et al. 2019; Wang et al. 2016), especially given that a lot of consumer
technology embedded into people’s everyday lives allows for easy personal quantifi-
cation of goal-directed behavior (Etkin 2016). Studying goals and motivation via field
experiments is desirable because as researchers can observe individuals in a real-world
context over a long period of time—across many months rather than days.

However, longitudinal, involved designs often increase compliance failure and
imperfect response rates, and participants may not record all information relevant for
tracking goal progress (Knäuper et al. 2018). Missing information about outcomes may
become even more pronounced as the study’s temporal window expands. For instance,
in a study on health goal pursuit, many of the health outcome labels (e.g., daily weight
for fitness-related goals) may be missing for many time periods. Semi-supervised
learning may help researchers predict these missing health outcomes using data based
on passively collected goal-directed behavior (e.g., step-counter data from wearables).

4 Discussion

There are multiple promising opportunities for integrating machine learning innova-
tions into behavioral science research. In particular, ML can help with various behav-
ioral research designs, including heterogeneous treatment effects, stimulus sampling,
and imputing missing data for studying complex phenomena that evolve over time.
Having illustrated some strategies for this integration, we now provide more specula-
tive ideas about other potential synergies.

First, the ML methodologies we discuss do not cover the entire spectrum of
algorithms available. One notable omission is reinforcement learning (Sutton and
Barto 1998), where agents learn via interactions with an environment. Because of
reinforcement learning’s ability to capture trial-and-error search and delayed reward, it
accommodates for phenomena that are otherwise computationally difficult or impossi-
ble to integrate into estimable models, such as present bias in behavioral models for
intertemporal choice with self-control (Fedus et al. 2019).

Second, our discussion did not address the use of ML to formulate personalized
treatments for each test subject. Personalized and hyperlocal design may help improve
statistical power by using data from past experiments to recommend more optimal stimuli
options for experimenters when many are available (e.g., pictures or text excerpts). These
recommendationsmay narrow down options and even help choose the right (personalized)
stimulus for each participant, and thereby reduce noise in the manipulation. However, an
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important concern about ML-based personalization is its tendency to homogenize recom-
mendations, especially in systems where users provide feedback on the
recommendations—meaning that, over time, recommendations become increasinglymore
similar within the same population (Chaney et al. 2018). One potential consequence is that
personalization may artificially generate similarity in behavioral outcomes.

Third, there is a growing desire to develop explainableML, that is, research on howML
systems make predictions and execute their actions (Rai 2020). A major shortcoming of
many ML algorithms is the inability to interpret the prediction outputs. For example, it is
typically not straightforward to determine the direction of the prediction and often difficult
to assess what drives them. Hypothesis testing usually being the goal in behavioral
science, being able to understand the “why” behind each ML prediction would further
increase the usefulness of ML to researchers in this domain. One of the recent innovations
in this stream of research includes the integration of conscious thought into the priors used
inML algorithms (Bengio 2019) such that agents can make decisions based on statements
about reality which are true, likely, and/or useful for these decisions (i.e., higher level of
abstraction that humans often use in their thought processes).

Ultimately, this primer offers suggestions for new interdisciplinary research. As
these fields continue to evolve, we anticipate a growing number of behavioral research
topics that can be aided by these new methods.
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