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Abstract
Research Summary: We spotlight the use of machine

learning in two-stage matching models to deal with

sample selection bias. Recent advances in machine

learning have unlocked new empirical possibilities for

inductive theorizing. In contrast, the opportunities to

use machine learning in regression studies involving

large-scale data with many covariates and a causal

claim are still less well understood. Our core contribu-

tion is to guide researchers in the use of machine learn-

ing approaches to choosing matching variables for

enhanced causal inference in propensity score matching

models. We use an analysis of real-world technology

invention data of public–private relationships to demon-

strate the method and find that machine learning can

provide an alternative approach to ad hoc matching.

However, as with any method, it is also important to

understand its limitations.
Managerial Summary: This article explores the use

of machine learning to enhance decision-making,
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particularly in addressing sample selection bias in

large-scale datasets. The rapid development of AI and

machine learning offers new, powerful tools especially

for digital ecosystems where complex data and causal

relationships are complex to analyze. We offer man-

agers and stakeholders insight into the effective integra-

tion of machine learning for selecting critical variables

in propensity score matching models. Through a

detailed examination of real-world data on technology

inventions within public–private relationships, we dem-

onstrate the effectiveness of machine learning as a

robust alternative to traditional matching methods.
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1 | INTRODUCTION

Machine learning (ML) offers new empirical tools for strategy research, but how do these
methods fit with what we know and need in regression studies? In particular, (how) do predic-
tions of an outcome variable y from x that are at the core of supervised ML fit in with regression
methods used by strategy scholars? Our contribution is to highlight the use of supervised ML in
two-stage matching models to deal with sample selection bias (Heckman & Todd, 2009). In par-
ticular, we demonstrate the use of ML to determine variables on which to match in the first-
stage model.1

Discussion on how to use ML in the matching process is increasingly relevant for several
reasons. Causal inference using two-stage matching methods—in which the first stage is effec-
tively a prediction and thus particularly fit for supervised ML methods—is now used frequently
in strategy and organizations research. As the bar for causal inference has increased in our field
(Bettis et al., 2014), this trend is only likely to intensify. Yet, despite the popularity of such
matching techniques, there is a need for scholars to more closely justify the first-stage selection
of variables, and ML methods can play an important role.

Second, increasing availability of “big data” through online platforms (e.g., job postings or
employee reviews; Reineke et al., 2024) and open-source data collection efforts
(e.g., crowdsourced repositories such as Wikipedia and Mobygames; Katila et al., 2022) increase
opportunities to create many new, often interdependent variables. Again, the ability of ML to
help evaluate a comprehensive set of variables and their interactions in first-stage matching,
and then prune, is likely to be increasingly valuable.

1Other studies such as Choudhury et al. (2021) focus on supervised machine learning and Choudhury et al. (2019) on
unsupervised and supervised machine learning.
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More specifically, in matching models, ML can play a role in the pretreatment covariate
selection process. It can be used in place of or to augment, ad hoc selection of first-stage vari-
ables, including pretreatment confounding covariates. By improving the first-stage, second-
stage estimates of causal effects can potentially be made more precise and more reproducible
(Angrist & Frandsen, 2022). ML can thus improve robustness of second-stage parameter esti-
mates by acting as a data preprocessing method (Goller et al., 2020; Rathje & Katila, 2021).

Adding ML is also potentially beneficial because with complex data, researcher reasoning
used to pick and prioritize pretreatment confounders is likely to reach its limits. ML can help
by pointing to which confounders might matter more than others from the list originally gener-
ated by the researcher. Further, by examining highly correlated covariates—of which ML typi-
cally picks a subset—the method pushes researchers to think deeper about their own
underlying assumptions of which confounders matter.

Another possible benefit is a more thorough covariate selection process. Manually including
all pairwise interactions and complex functional forms is often infeasible and computationally
not possible, so researchers pick a subset. In contrast, supervised ML sorts through these inter-
actions and functional forms automatically, and “allows us to let the data explicitly pick effec-
tive specifications” (Mullainathan & Spiess, 2017, p. 101), potentially resulting in a more
comprehensive approach to estimate the first stage. A related example is that in a regression
context with many possible controls, ML can be used to “automatically” prune the control or
variable set (Belloni et al., 2014; Kumar et al., 2023; Vanneste & Gulati, 2022) and possibly even
defend against data mining.

While all ML methods are associative, none of our other typical methods in strategy (ML or
not) can entirely deal with the challenge of unobservables like a well-designed randomized con-
trolled trial could. The unique aspect of ML matching here is that the techniques can include a
fair number of observables, and, thus potentially reduce unobserved heterogeneity because so
many more observables and their functional forms can be included and tested. Altogether,
given its automated nature, ML matching is likely a useful addition to strategy scholar's
toolbox.

Our review of the strategy literature suggests that recent advances in AI and ML methods
have opened up new empirical possibilities for comparing human strategies against algorithmic
ones (Bahceci et al., 2015), for creating comprehensive strategies for search and innovation dis-
covery (Bahceci et al., 2023), and for inductive theorizing, such as variable creation based on
swaths of unstructured text data (Helfat et al., 2023; Miric et al., 2022). At the same time, other
sister disciplines including economics (e.g., Angrist & Frandsen, 2022; Goller et al., 2020), medi-
cine, and biosciences (Blakely et al., 2020; Cannas & Arpino, 2019; D'Agostino, 1998; Lee
et al., 2010; McCaffrey et al., 2004; Setoguchi et al., 2008) have a recent but already robust
stream of research applying ML to matching designs. Although studies in other disciplines are
informative, it is also important to understand which approaches may, or may not, apply to
strategy problems.

In this article, we first review prior studies to identify the “sweet spot” for ML for matching
studies in strategy—that is, large-scale data with many interrelated covariates involving a causal
claim. In particular, we use the propensity score method to illustrate one application that
involves matching in strategy, as Bettis and Blettner (2020) suggest.

To be as close as possible to a real situation that empirical strategy researchers might face,
we then use a rich technology invention dataset to show the technique's application to research
in technology strategy that evaluates the impact of public funding. It is important to note that
we have chosen these data simply as an example to demonstrate the ML-matching (ML-PSM)
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technique. Although we report the second-stage results—and these results are consistent across
the matching methods, which increases our confidence in the method as an additional tool that
researchers can use for robustness testing—our focus is on demonstration of the ML-PSM tech-
nique. Our hope is that by looking “under the hood” of a real-world strategy application, we
can encourage more researchers to consider the potential of the ML method to deal with sample
selection bias.

As with any method, it is important to note its boundaries. First, supervised ML methods do
not provide standard errors, so no coefficient estimates can be readily interpreted
(Mullainathan & Spiess, 2017, p. 96).2 A second boundary condition of machine-learning
methods is that we cannot relinquish our responsibility as researchers to a “machine.” Human
interpretation still plays a crucial role: For example, the raw material from which the process
prunes—such as the set of confounding variables that are originally included—needs to be
selected by the researcher, pointing to a boundary condition for the method. Another boundary
condition is that the confounders automatically selected for prediction in the first stage do not
always match researcher reasoning because code picks “randomly” of highly multicollinear var-
iables (although the researcher can require a particular variable to be included). So, researcher
expertise is still very much needed if coefficients are interpreted. Fourth, ML approaches carry
the risk of introducing more uncertainty rather than reducing it. Although one can be more
precise about what to optimize for, as we describe in more detail below, how an algorithm
selects variables can remain somewhat of a black box which could produce unexpected results.
Such results naturally require more human interpretation of the type that a researcher might be
trying to avoid in the first place. Finally, supervised ML shines when the regression datasets are
large with many, complex confounders. In small datasets with few confounders, an analytic
(e.g. “vanilla” logistic) regression is likely to be an equally effective alternative.

2 | PREDICTION TASKS IN STRATEGY: PRIOR WORK

In many classic strategy problems, prediction is an essential part. There are two broad catego-
ries of research that are particularly relevant. The first category is inductive, discovery tasks
using complex data that includes a prediction task. Here, ML can help researchers discover data
patterns. One characteristic of these data is that an “almost unlimited number of variables can
be created” (Einav & Levin, 2014) and analyzed, making ML methods attractive. Examples
include predictions of consumer behavior, or predictions from more recently available data,
such as whether pixels in a satellite picture represent a geographical area with economic activ-
ity (Mullainathan & Spiess, 2017). These data come both directly from companies and from
publicly available open-source data (Nagaraj, 2022). Strategy scholars more and more frequently
use these types of complex data that often generates variables for follow-on analysis.

The second category—and our focus in this article—is causal inference using matching
models which inherently includes a prediction task in the first-stage regression. Common exam-
ples in strategy scholarship include estimating a causal effect of a treatment which often
includes a first-stage preprocessing step of flexibly controlling for many confounders to deal
with sample selection bias, that is, the first stage is effectively a prediction. In these models, the
goal is to evaluate consequences of decisions such as which growth strategy (acquisition

2Even when ML algorithms produce regression coefficients, the estimates are rarely consistent (Mullainathan &
Spiess, 2017, p. 96).
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vs. organic), policy (antitrust vs. not), or technology (renewable vs. not) to pick. The challenge
is that “treated” observations often can differ in many covariates from those in the counterfac-
tual control group (e.g., in age, industry, experience, location, etc.).3 In such cases, matching
becomes an important component of the policy evaluation (Imbens, 2004). Without the first-
stage prediction, evaluation of strategic decisions often suffers from selection bias, potentially
causing causal identification to fail and rendering the results from the study invalid. Given the
complexity of these real-world strategy decisions, covariates that underlie the first-stage predic-
tion can be not only large in number, but also interdependent with each other, complicating
the ability of strategy researchers to make the evaluation, and suggesting benefits to considering
ML approaches. Consistent with this view, Leiblein et al. (2018) note that in strategic decisions,
“decision interdependencies, including higher order interactions… call [traditional] regression
approaches into question.” So while supervised ML is not designed to directly assist parameter
estimates in the second-stage regression, it can have a central role when the first stage involves
a prediction. We focus on demonstrating such matching designs.

A practical problem that strategy researchers encounter is deciding which variables to
include in the first stage. “…intuition will suggest a set of variables that might be important
to control for but will not identify exactly which variables are important or the functional form
with which variables should enter the model” (Belloni et al., 2017). Given the complexity, Bettis
and Blettner (2020, p. 82) observe that “The nature of complexity … strongly suggests the
expanded development and use of … appropriate ML algorithms.” The causal inference method
that we focus on is propensity score matching (PSM).4 Below, we first discuss how propensity
scores are used in current work in strategy, what could be added, and what role supervised ML
could play in these causal inference tasks.

2.1 | Example of prediction: PSM in two-stage designs

We chose PSM as an example to demonstrate ML use for several reasons. First, PSM is used
when data are relatively complex (large dataset, many predictors), and it involves a first-stage
prediction step,5 both consistent with settings in which supervised ML methods are useful. Sec-
ond, PSM has become increasingly common in strategy. Review of strategy research (Strategic
Management Journal articles published since 2010) points to an increase in the use of the
method to address endogeneity concerns.

2.1.1 | Prior PSM papers in strategy research

Because much research in strategy centers around the impacts of “treatments” or “policies,”
propensity scores is a common method. We catalogued over 50 SMJ papers that have used the
propensity score method in the past few years (details available from the authors). Our focus

3Some statisticians have called for the extreme measure to limit research to only those empirical contexts which allow
for randomized experiments (Grushka-Cockayne et al., 2016), but we are more hopeful.
4Propensity score matching is often used for large-scale samples, and is increasingly common in strategy research. A
closely related variant is IPTWs which many strategy studies also use to strengthen causal inference and for which
supervised ML can also be applied (cf. Blakely et al., 2020; Katila et al., 2017).
5Propensity score matching uses prediction to match observations based on their propensity to be treated
(Rosenbaum & Rubin, 1983).
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was to identify (1) the kinds of strategy problems where propensity scores have been used to
enhance causal inference, (2) the variables and procedures used in the first-stage analyses to
calculate the propensity score for the estimation, and (3) the trends in research using propensity
scores over time.

Strategy research we reviewed used propensity scores to examine growth strategy interven-
tions such as alliances (Asgari et al., 2017), joint ventures (Chang et al., 2013), corporate diversi-
fication (Chang et al., 2016; Rawley, 2010), competitive positioning (Thatchenkery &
Katila, 2023) and refocusing moves (de Figueiredo et al., 2019), using propensity scores to iden-
tify comparable control groups that were not exposed to the intervention. Other research that
similarly employed propensity scores to enhance causal inference examined the performance
impact of affiliations with high-status actors (Schuler et al., 2017), particular types of CEOs and
top executives (Cummings & Knott, 2018; Mata & Alves, 2018; Patel & Cooper, 2014) and inves-
tors (Hasan et al., 2011; Oehmichen et al., 2021). More recent work examined the implications
of business strategy decisions such as adoption of sustainable business practices (Durand
et al., 2019; Ortiz-de-Mandojana & Bansal, 2016). Overall, PSM was used to maintain a compa-
rable control group that was not treated.

Only a handful of the papers we reviewed (�3–4%) however tested for different functional
forms of the variables in the first stage, and just about 30% of the papers were sensitive to
explaining why particular variables were included in the first stage. In addition, typical justifica-
tions were rather general such as “based on prior work.” Therefore, adding ML in matching,
together with researcher's reasoning and justification, can provide a major upside to causal
inference in future studies. With ML's added help, researchers could discover complex struc-
tures that were not specified in advance, such as high-level interactions, and thus potentially
suggest new theoretical criteria to be included in matching (that need to be interpreted with
scholar's insight). At the same time, adding the supervised method might lower concerns
regarding fitting the model to a particular circumstance because ML uses quantifiable criteria
to prune the model, as discussed in more detail below. The conclusion of our review of the prior
propensity score papers in strategy is that supervised ML could meaningfully expand what is
currently at least partly an ad hoc process of determining the first-stage variables and thus sug-
gests value to adding ML matching in the strategy scholar's causal-inference methods toolbox.

2.1.2 | How ML can help

Given the common use of matching in the first stage, what alternatives does ML offer for
matching models to deal with sample selection bias? We discuss several below, such as
employing additional tools to prevent underfitting and overfitting, along with quantifiable met-
rics to effectively measure how well selection bias is accounted for.

First, with complex data, as noted above, researcher reasoning used to pick confounders is
likely to reach its limits. ML helps by pointing to which confounders might matter, thus reduc-
ing subjectivity in the covariate selection process. This way, ML is also likely to motivate
researchers to think deeper about their own underlying assumptions of which confounders mat-
ter. By examining highly correlated covariates—of which ML typically picks a subset (which
may or may not overlap with the researcher's set as Angrist and Frandsen (2022) note)—the
researcher is pushed to reason why their preferred confounder should be on the list.

Second, supervised ML helps determine precise functional forms. As Mullainathan and
Spiess (2017, p. 101) note, “including all pairwise interactions would be infeasible as it produces
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more regressors than data points (especially considering that some variables are categorical).”
In contrast, supervised ML searches for these interactions automatically, and “allows us to let
the data explicitly pick effective specifications, and thus allows us to recover more of the varia-
tion and construct stronger” instruments and predictions (Mullainathan & Spiess, 2017, p. 101).
Benefit is a more thorough covariate selection process.

Third, even if scholars have the foresight and patience to hand-curate and test a large num-
ber of variables and their interactions, the expansion of dimensionality may lead to overfitting.
Overfitting occurs when additional dimensions6 do not increase the ability of the propensity
score model to predict treatment, but rather explain some noisy covariance. The resulting pro-
pensity scores will then deviate from the true propensity, which risks making the second-stage
estimations invalid. Simulations have shown that relying on overfit propensity scores results in
inflated standard errors (i.e., lack of precision) (Schuster et al., 2016), and overestimated or
underestimated second-stage effects (Cepeda et al., 2003). Thus, overfitting can severely limit
the interpretability of the second-stage's estimates of treatment's performance effects, and as
such, points to the ability of ML to help with matching in the first stage. Traditional propensity
score models for instance rely on measurements of model fit (pseudo-R2) to judge confidence.
The higher the R2 metric, the better the propensity score model fits the available data, and
scholars have greater confidence that their model is functioning correctly. However, a higher R2

is not necessarily related with predictive performance, only with how well the model fits the
currently available data (Ahrens et al., 2020; UCLA, 2012). Therefore, in instances of overfitting,
the model fit will either stay the same or increase, giving researchers false confidence. While
traditional first-stage models (or any model with a binary outcome) have no objective measure-
ment to assess the severity of the problem, with supervised ML, additional metrics including
area-under-the-curve (AUC) are available.

Overall, ML methods can possibly assist strategy researchers in first-stage prediction. Two
core features of supervised ML—regularization and cross-validation—are particularly relevant.
In the next section, we demonstrate how to apply these techniques to a two-stage matching
design using technology strategy data.

3 | EMPIRICAL DEMONSTRATION: THE CASE OF TWO-
STAGE MATCHING MODELS AND ML

Following prior work's suggestion that new applications of ML in strategy research should start
with an interesting research question and an empirical data source, we investigate the relation-
ship between public–private sector R&D relationships and their potential to produce invention
disruption. In particular, we ask whether partnering with the federal government increases
how disruptive the resulting inventions are. Per Funk and Owen-Smith (2017), we define dis-
ruptiveness by how much a patented technology disrupts existing patent citation patterns, that
is, how much it challenges the existing order and decreases the use of incumbent technologies.

The question about the federal government's role in disrupting status quo has a long-
standing tradition in the strategy field and we continue this line of research (e.g., Bruce

6In ML terms, a covariate is defined as a group of one or more “dimensions” (Mullainathan & Spiess, 2017). This
distinction is important for discrete variables, such as technology class. If there are 473 different technology classes, for
example, it means there are 473 potentially confounding technology-class dimensions. On the other hand, continuous
variables are each considered as one-dimensional covariates.
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et al., 2019; Pahnke et al., 2015; Rathje, 2019; Trajtenberg et al., 1997).7 Much research points in
the direction that partnering with the federal government (rather than with private firms, for
example) has a positive relation with disruptiveness of the resulting invention. Katila and
Shane (2005, p. 826), for example, suggest that private sources of capital such as VC may “lag
behind rather than lead innovation” possibly because they favor more local, less riskier innova-
tion search paths (Katila & Ahuja, 2002), and that instead, “contract research, and government
programs, … may be more important sources of capital for firms at early stages of technological
development” (Katila & Shane, 2005, p. 862). Similarly, Funk and Owen-Smith (2017) find that
when universities receive more federal funding for academic research, they tend to produce
more disruptive inventions. Scholarship also suggests that federal funding of private R&D likely
results in more “radical” innovations than private research alone (see, e.g., Corredoira
et al., 2018).

Our data specifically examine R&D relations where a public funding partner and a private
firm jointly solve a complex technical problem and the private firm typically retains exclusive
rights to the resulting invention. In the United States (the setting for our study), legislation, that
is, the Federal Grant and Cooperative Agreement Act of 1977, defines the types of R&D rela-
tions that these public–private relationships can take. The three types are cooperative agree-
ments, contracts, and grants, and we examine their disruptive invention impact relative to
inventions developed by the private sector firm alone.

In contrasting inventions developed with public sector partners vs. without them, a key
challenge is selection bias. The ideal solution is a randomized experiment, but this is impracti-
cal. Instead, we use matching on the first stage to find comparable treated and control groups,
and, using the matched sample, examine the invention impact in the second-stage model. In
particular, we compare the “treated” group of technologies developed by private firms together
with the public sector partner with the “control” group of technologies developed without the
public sector partner (i.e., by the private firm alone). In other words, some technologies were
“treated” with public partners, some not, and we are interested in effects of treatment on dis-
ruptiveness. Empirically, we examine what ML can add to the strategist's toolkit in first-stage
matching to determine variables on which to match.

3.1 | Data sources and variables

Our dataset is the population of patented technologies (inventions) granted to private firms in
the United States over a 31-year period between 1982 and 2012. The data include 3,337,229 pat-
ented technologies, and these data were collected from United States Patent and Trademark
Office's (USPTO) PatentsView and triangulated with data from Google's Patent Search and
USPTO main data. (Less than 1% of the PatentsView records had missing dates. We used
Google's Patent Search to rectify the missing data.). Because the Bayh-Dole Act of 1980 required
patent applicants to disclose federal support (Rathje, 2019), U.S. patents funded by the federal
government are required to file a “government interest statement,” detailing the government's

7Prior research has, for example, studied the effect that different public funding mechanisms (e.g., grants, contracts,
cooperative agreements) have on technological innovation (Bruce et al., 2019; Rathje, 2019). As it is nearly impossible to
run policy “experiments” that randomly treat technologies with public funding, yet public funding's impact is critical to
understand, the setting is relevant to illustrate the use of supervised machine learning for matching.
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involvement. We used the government interest statement data compiled by PatentsView to
track public sector partners.

Of the patented technologies, 58,082 had public sector partners (i.e., were treated), and we
used ML for the first-stage prediction task to create propensity scores to identify the treated and
control groups. Consistent with our research question on public partner's potential to produce
disruption, the second-stage dependent variable is invention disruption. It tracks how future
inventions make use (or not) of the technological predecessors of the focal invention. Invention
disruption was measured by how much a patented technology disrupts patent citation patterns
using the ratio of forward citations that uniquely cite the originating patent and not its prede-
cessors (Funk & Owen-Smith, 2017). Larger values of invention disruption indicate more radi-
cal break from prior work: Disruptive technologies, that is, patents uniquely cited by future
patents receive a score of one, and consolidating technologies, that is, patents that contribute to
reinforcing current citation patterns receive a score of minus one. Per Funk and Owen-Smith
(2017), we calculated invention disruption 5 years after the focal patent's issue date.8

We also include several independent and control variables. As noted above, all U. S. patents
must include a government interest statement. We used the government interest statements to
code public–private relationships, of which there are three types, contracts, grants and coopera-
tive agreements, per legislation (Federal Grant and Cooperative Agreement Act of 1977, U. S.
Congress, 1977). Other key variables in the data include patent originality, measured by the
breadth of patent's technical fields in backward citations (Trajtenberg et al., 1997). Three-digit
U.S. patent classes were used to categorize technical fields. Breadth is calculated using a
Herfindahl index ranging from zero to one. If a patent cites previous patents in a narrow set of
fields, the originality score will be low whereas wide range yields a high score. Previous relation-
ships was measured by the natural logarithm of the count of prior times the private firm had
engaged in public–private relationships that resulted in a patent. Patent age was measured by
the number of years since a patent was granted, time to grant by the number of years from filing
to grant of a patent, and number of inventors was measured by the count of total number of
inventors listed on the patent document. We also included fixed effects for invention location
using categorical variables state and country at the time of invention, for patent technology class
using dummy variables for the main U.S. patent classes and for patent application year using
calendar years.

We chose the empirical setting because it is a particularly relevant context to illustrate how
ML can be used. The sample size is reflective of larger samples and many covariates now more
and more commonly analyzed by strategy scholars. Further, first-stage confounding covariates
are complex, likely interdependent, and not readily and fully understood in this setting.

3.2 | Looking back: Traditional approaches

To test the public sector treatment effect without ML, technology strategy scholars typically use
three steps. The first step is to use prior literature, data and reasoning to identify the potentially
confounding covariates that would limit the ability to interpret (causal) treatment effects. In the
case of public–private R&D relationships, the norm is to use calendar time and technology

8We operationalize invention disruption with the formula 1
nt

Pn
i=1

−2f it bit + f it
1 ,wit>0 (Funk & Owen-Smith, 2017) where nt

is the number of forward citations of both the focal patent and its predecessors, f it equals 1 if a new patent cites the
focal patent and is 0 otherwise, bit equals 1 if a new patent cites the focal patent's predecessors and is 0 otherwise.
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(Agrawal et al., 2009; Belenzon & Schankerman, 2013; Trajtenberg et al., 1997). In practice, pat-
ented technologies are typically matched on age (calendar years that proxy for factors such as
variations in macroeconomic and technical climate at the time of patent filing and granting),
and patent technology class (e.g., electronics, computers, or manufacturing with different
underlying technical requirements and ecosystems).9 An important question is whether these
two to three covariates are enough. For example, will it be enough to take into account broad
technology (e.g., information technology) but not technology specialization (e.g., AI)? Using tra-
ditional methods, we take it for granted that the assumption to use the traditional covariates is
“correct” and proceed with the analysis such as matching.

3.2.1 | Possible shortfalls of traditional approaches

In addition to the standard covariates noted above, others may also be important. In pioneering
work, Alc�acer and Gittelman (2006) found that patent examiners are strongly associated with
both (1) the specific scientific or technical specialization of the underlying technology, and
(2) the number of forward citations a patent receives (i.e., patent quality) (see also Katila, 2000).
It is reasonable to believe then, that patent examiners, as a reasonable proxy for the underlying
technology specialization, could be correlated with both the treatment (public sector relation-
ship) and the outcome (such as a patent's disruptive quality). Similarly, prior work associates
the size of the R&D team (number of inventors on a patent) with treatment (public sector rela-
tionship) and subsequent impact of the patented technology (patent quality) (Pahnke
et al., 2015). Public-interest inventions may, for example, require larger teams and also have
more disruptive potential. Similarly, team's geographic location may be correlated with both
likelihood of public sector relationships (treatment) and with patent quality. In combination,
patent examiners, number of inventors, and geographic location represent missing but poten-
tially relevant confounding covariates.

Why is it, then, that despite our theoretical understanding of their importance, patent exam-
iners, for example, are not included in current (typical) matching criteria? A key reason is that
current methods do not provide an objective way to determine which confounders to include
when the number of confounders increases beyond what can be included in the models. For
instance, there are 25,439 unique patent examiners (i.e., examiner names) in the patent popula-
tion that we study (1982–2012), so it would be practically impossible to match exactly on each
examiner, or to include additional functional forms. As the number of covariates increases,
dimensionality grows dramatically. Even if each covariate is binary, thus containing only two
discrete dimensions, as the number of covariates grows by P, the number of dimensional combi-
nations grows by 2P (Rosenbaum & Rubin, 1983). Very quickly, this value grows beyond the
total number of observations. Thus, the increase in observations severely limits the effectiveness
of traditional techniques to capture the additional confounders.

9Prior research identified technology class, application year, and grant year as important (Pavitt, 1982) because it is
reasonable to believe that if public–private relationship patents come from a different population of technology classes
than corporate (private only) patents, the success of public–private relationship patents may in fact be derived from
differences in the technology class (e.g., some technology classes have more impact than others). Similarly, if public-
sector funding for R&D in the United States is more common during a Democratic administration than a Republican
administration, then public-sector patent performance may be influenced by application or grant year (e.g. when public
organizations have more additional funding to spend on research or patenting in general).
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Additionally, a limitation is that it is often not possible to know which confounders to add.
What scholars with traditional methods cannot provide is a numerical evaluation of this step.
As we describe in more detail below, ML offers a quantifiable step in this direction.

3.3 | Moving forward: Steps of including ML

3.3.1 | How to apply ML

We start by including the standard covariate set of technology class, application year, and grant
year. We then consider additional covariates which have not been used in matching before but
are also likely to be confounding covariates per prior theory and research in the area, including
number of patent inventors, geographic location (state, country) (Pahnke et al., 2015), and pat-
ent examiners (Alc�acer & Gittelman, 2006), as described above. In total, this results in 26,269
potentially confounding dimensions. Note that while exact matching could be used, it would
not be able to (and could not) identify exact matches for every possible combination.

(1) Split the data. ML approach starts by splitting the data into subsets: training, valida-
tion, and test (Chernozhukov et al., 2018).10 This step allows us to quantitatively test how well
the results generalize. There are no exact rules of how to split the data. However, it is preferable
to increase training efficiency by maximizing the size of the training set when possible (Jain &
Chandrasekaran, 1982; Raudys & Jain, 1991). Given the large sample size of our patent data, we
need a relatively small share of observations from which to test our predictions, and therefore
chose a 98-1-1 data split (Picard & Berk, 1990; Reitermanov�a, 2010). This means that 98% of the
data were used for the training set, while 1% was used for validation and test sets, respectively.11

A reasonable general rule of thumb is ensuring that the test data set has at least as many obser-
vations as the total number of dimensions in the data.12 If there are less, then k-fold cross vali-
dation (k times with different splits) could be used, although some researchers have
reservations about the method (Ahrens et al., 2020). A good rule of thumb is that if the
researcher is interested in inference, training set should be large, and if the researcher is inter-
ested in prediction, the test set should be large (Ahrens et al., 2020). The key is to split the sam-
ple randomly: We train the prediction on a training set which is separate and distinct from the
test set. As Varian (2014, p. 7) notes: “For many years, economists have reported in-sample
goodness-of-fit measures using the excuse that we had small datasets. But now that larger
datasets have become available, there is no reason not to use separate training and testing sets.”

(2) Select an ML model, add regularization, and cross-validate. Regularization and
cross-validation are employed in tandem in the next phase (for readers not familiar with these
methods, we refer to Rathje (2019) and Choudhury et al. (2021)). First, we select a supervised

10The validation (also known as development) set is an intermediary between the training and test sets. The validation
set is used during training to fine-tune the model parameters such as through regularization and to assess model
performance. In contrast, the test set is used only at the end.
11We conducted preliminary experiments with 80-10-10 or 90-5-5 data splits and found consistent results. In smaller
datasets, a typical split is 60-20-20.
12In ML terms, a covariate is defined as a group of one or more “dimensions” (Mullainathan & Spiess, 2017). This
distinction is important for discrete variables, such as technology class. In Trajtenberg et al. (1997), there are
496 different technology classes, which means that there are 496 potentially confounding technology-class dimensions.
On the other hand, since time is a continuous variable, application year and grant year are each considered as one-
dimensional covariates. In total, Trajtenberg et al. (1997) then included 498 potentially confounding dimensions.
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learning method for our predictive model, Hθ. Because we use PSM (PSM), we use a logistic
regression model.13 Logistic regression is useful because it generates a continuous probability of
an observation being treated by regressing the observation's set of covariates (Xi) on its observed
treatment (Yi). As a result, logistic regression model (as opposed to other ML techniques, such
as support vector machine) allows us to generate continuous estimates of propensity scores.

Regularization aims to decrease subjectivity in the covariate selection process and prevent
overfitting. While traditional methods require ample justification that some observable
covariates are more important than others (e.g., see Stuart & Rubin, 2008 re matching), through
regularization, ML “suggests” covariates important for prediction. Regularization thus starts
with a list of variables that the researcher has compiled and then prunes down the list, limiting
model complexity. A standard way to regularize is to penalize complex models in favor of sim-
pler models. For instance, like ordinary least squares regression (OLS), regularized linear
regression minimizes the sum of squared deviations between observed and model-predicted
values but imposes a regularization penalty aimed at limiting model complexity (see
Rathje, 2019 for more details). The most common forms of regularization applicable for regres-
sion models are Lasso (L1), Ridge (L2), and Elastic Net, implemented, for example, in Stata
(Ahrens et al., 2020).

Cross-validation allows scholars to validate the quality of the prediction by quantitatively
testing how well the results generalize to yet unseen test data. In cross-validation, ML again
adds a quantitative performance evaluation metric as researcher reasoning is augmented with a
quantifiable, “automated” approach.

With the final model (i.e., after regularization and cross-validation is complete), we can
investigate the coefficient weights (sizes of θ) to determine which covariates contributed to
treatment selection bias.14 Those covariates with the largest coefficient weights in magnitude
contribute the most to treatment selection bias, while those with smaller weights have less of
an effect. As a result, higher weights indicate the need to include the corresponding covariates
in the matching model.

In practice, to get more insight on covariates, researchers often plot a covariate-weight
graph as a visual tool to investigate coefficient weights as we have done in Figure 1. Covariate-
weight graph is a bar chart representing the range of dimension weights, grouped by covariates
(e.g., in Figure 1 each examiner name is a dimension, examiners is a covariate) with the goal to
get intuitive understanding of the first stage. It is important to note that variables that are
highly correlated with one another contribute redundant information, so the model may prefer
one variable over another in a seemingly random fashion (Mullainathan & Spiess, 2017). That
is, the graph is not a good tool to compare variables in terms of causal explanation, and
inspecting the correlations is an important first step (which we do in Table 1).

As an example, Figure 1 represents the covariate-weight graph for the top five most heavily
weighted covariates in our data. Interestingly, patent examiners are the most heavily weighted
covariate, followed by technology class and then country. These top three covariates indicate a

13A few other regression models have been suggested and discussed in the statistical literature, regression trees in
particular (see Lee et al., 2010 for an interesting comparative analysis of alternative models).
14“Although not as rich as partial dependence plots, examining variable importance (when possible) is a reasonable first
step for interpreting ML models” (Choudhury et al., 2021, p. 49). In its simplest form, supervised machine learning
estimates a predictive model's coefficient weights with a maximum likelihood estimator. Regularization term drives the
weights of coefficients which do not contribute to selection to zero and/or normalizes coefficient weights to ensure that
no singular dimension dominates the model. More details about maximum likelihood estimators and regularization are
provided in the appendix.
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need to include a partly different set of confounding covariates in estimating treatment effects
than the traditional covariate set (i.e., the traditional set is technology class, application year,
grant year). Indeed, two of the top three covariates are different from the traditional set, and
only technology class makes it to the top set in Figure 1.

To dive deeper into the examiner covariate and to investigate specific examiners, Table 2
represents the coefficient weights of the top three highly weighted patent examiners (both

FIGURE 1 Covariate-weight graph (illustration tool).

TABLE 1 Descriptive statistics and correlations.

Variable Mean S.D. 1 2 3 4

1 Invention disruption 0.36 0.78

2 Public–private relationship 0.02 0.14 0.01

3 Patent originality 0.65 0.39 0.03 0.02

4 Application year 2000.5 11.02 −0.06 0.00 0.31

5 Number of inventors 2.37 1.75 0.04 0.03 0.08 0.18

TABLE 2 Examiner name weights.

Examiner ID Examiner name Covariate-dimension weight

A Zarfas −13.11

B Ansher −12.89

C Douglas −12.71

D Knife 0

E Renner 0

F Chan 0

G Goddard 6.3

H Grarsay 6.45

I Ryam 6.49

Note: Nine examiners who either were more likely to examine corporate-only patents (A–C), publicly funded patents (G–I) or
neither (D–F).
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positive and negative) along with three patent examiners who were relatively unimportant and
driven to zero by regularization. Weights correspond to the probability of treatment. As an
example, patent examiners Zarfas, Ansher, and Douglas have large and negative weights, indi-
cating that they are more heavily assigned to examine technologies in the control group, that is,
patents granted to private firms alone, without public partners. Patent examiners Goddard,
Grarsay, and Ryam have large and positive weights, indicating that they, in contrast, are more
heavily assigned to technologies in the treated group, that is, they more likely examine patents
from public–private relationships rather than those where private firms worked alone.
(In contrast, Knife, Renner, and Chan likely examine both equally, and so do not help to predict
propensity scores. Therefore, regularization drove their weights to zero.) Said differently, if pat-
ent examiners indeed proxy technology specialty, negative and positive weights indicate that
treated technologies likely differ from control ones in technology specialty and therefore may
contribute to selection bias unless accounted for.

(3) Repeat by adding interactions. Next, the goal is to test the model by iteratively adding
more covariates. As is typical in ML, and to illustrate the process step-by-step, we repeat the
previous steps by first adding all quadratic interactions, and then adding all quadratic and ter-
tiary interactions as potentially confounding covariates. For example, we include
year × technology class, year × examiner name, and year × technology class × examiner name,
because it is reasonable to assume that in certain years, for example, particular technology clas-
ses were more likely to be “treated” with public funding. To protect against overfitting, we eval-
uate the performance of each model independently.

(4) Evaluate and select the ML-PSM model. Once all the models are created, the next
step is to compare their performance. When evaluating performance, an effective combination
is to measure predictive performance using AUC and the model fit using R2. As noted above,
because AUC is the measurement of predictiveness, supervised ML prioritizes it as the principal
measurement for model selection. Simply put, AUC is a ratio of true positive rate (TPR = (True
Positives/True Positives + False Negatives)) and false positive rate (FPR = (False Positives/False
Positives + True Negatives)) (Narkhede, 2018).15 R2, additionally, allows us to interpret the
impact of increasing model complexity on fit.16 As model complexity grows (e.g., adding all
interactions), if AUC begins to decrease while R2 increases, the model is likely overfitting
(Ahrens et al., 2020). Other classification metrics such as precision, recall, and accuracy can also
be considered.

To illustrate, we evaluate five different models by comparing changes in AUC (predictive
performance) and R2 (fit): (1) ML-PSM method using three traditional confounders,
(2) ML-PSM with the addition of four other potential confounders suggested by theory (patent
inventors, geographic location, originality, patent examiners), (3) ML-PSM adding quadratic
(two-way) interactions, (4) repeating step #3 with regularization, and (5) adding cubic (three-
way) interactions.

In Table 3, the baseline (model 1) has the lowest predictive performance (AUC) and fit (R-
squared). Adding four additional covariates in model 2, and quadratic interactions in model

15AUC ranges in value from 0 to 1, with 1 being more predictive. Simply put, AUC is the probability that the model
ranks true positives more highly than false positives. In technical terms, AUC stands for “area under the ROC curve.”
That is, AUC measures the two-dimensional area underneath the receiver operating characteristic (ROC) curve where
ROC curve plots TPR versus FPR at different thresholds, and top-left side curves are better. It should be noted that in
use cases where the objective is to minimize false positives (rather than maximize true positives), AUC is less useful.
16Since logistic regression models cannot generate accurate R2, a pseudo-R2 is applied. Adjusted count is a simple
pseudo-R2 commonly used in logistic regressions, and the one used in our approach (UCLA, 2012).
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3 further increase performance. As expected, the AUC scores in the training data are higher
than in the test data, indicating that increasingly complex models that fit the training data well
may not generalize to the test data as well as simpler ones. Adding quadratic interactions in
model 3 again increases predictive performance but exacerbates overfitting to the training data.
Adding regularization (variable pruning) in model 4 illustrates this effect. Unsurprisingly, by
simplifying the model through regularization, model performance using the training data
decreases. However, simplifying through regularization increases the predictive performance
(AUC) in the test data. These differences provide evidence that regularization and cross-
validation can help against overfitting and help with generalizability. Finally, the addition of
cubic interactions in model 5 provides strong evidence of overfitting. The model simply has too
many terms now and explains random noise on top of the trend. Overfitting is particularly
apparent in the test data, where R2 increases while AUC decreases. Such a shift is a clear exam-
ple of limits of elastic net regularization. Importantly, combination of AUC and R-squared
scores provides a useful set of metrics to indicate what the preferred first-stage model is (in this
case model 4, i.e., the regularized ML-PSM model including quadratic interactions).

(5) Match on propensity scores and plot the results. Next, we can evaluate how our
preferred model from step 4 does in terms of generating a balanced sample. Using the standard
steps of PSM, we first generate propensity scores for each observation (i.e., predicted likelihood
of public sector relationship). Next, we match treatment and control propensity scores one-
to-one using a global-optimum matching algorithm. There are a wide variety of matching algo-
rithms, but in cases where the control group is much larger than the treatment group, a global
optimum strategy is preferred (Stuart & Rubin, 2008). Finally, we remove the unmatched sam-
ple, leaving us with balanced treatment and control groups.

TABLE 3 Predictive performance (AUC) versus fit (R2) predicting public funding in the first stage.

Training
data Test data

Model First-stage method AUC R2 AUC R2

1 Propensity score matching—Machine learning with the
traditional linear covariate set (technology class, application
year, grant year)

0.768 .000 0.768 .000

2 Propensity score matching—Machine learning with the
traditional covariate set from #1 and additional covariates
(patent inventors, geographic location, originality, patent
examiners)

0.896 .003 0.886 .003

3 Propensity score matching—Machine learning with the
traditional and additional covariates from #2 and quadratic
interactions, no regularization

0.939 .058 0.894 .038

4 Propensity score matching—Machine learning with the
traditional and additional covariates from #2 and quadratic
interactions, with regularization

0.912 .058 0.896 .038

5 Propensity score matching—Machine learning with the
traditional and additional covariates from #2, quadratic and
cubic interactions, with regularization

0.955 .084 0.881 .048
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To evaluate balance, we revisit the balance plots from step one using the matched sample.
First, balanced support in propensity scores is assessed visually (Figure 2), that is, evaluating
whether treatment and control groups are balanced across a composite of all covariates
(Dehejia & Wahba, 2002). Second, balanced support between the covariates is assessed
(Figure 3, right-hand side). Ideally, the distributions should be identical across the treatment
and control groups, as shown in Figure 3. Other methods to evaluate balance are discussed, for
example, in Thatchenkery and Katila (2021).

(6) Inspect and compare second-stage regressions. After validating that the treatment
and control groups are balanced across confounding covariates, we finish executing the ML-
PSM method by assessing the treatment effects. Comparing treatment effects across different
inference strategies is a common way to assess whether or not the treatment is subject to selec-
tion bias (Imbens, 2004). If the treatment effect stays consistent across all strategies, then
matching is likely not required. However, if the coefficients are inconsistent (e.g., changes in
sign), then more robust matching approaches are advised (Imbens, 2004; Stuart & Rubin, 2008).
In the empirical example used in this article, the power of ML method to make treatment and
control groups comparable can be assessed by comparing the second-stage treatment effects
using ML-PSM versus the second-stage treatment effects using other inference strategies. By
comparing multiple strategies, we can determine when ML-matching brings in benefits.
Although assessing the treatment effects is not at the core of our analysis, there are several
interesting observations about these second-stage results that can help compare ML with the
other approaches.

Table 4 compares matching on some typical variables used in similar prior studies with
what ML produces17: pre-match (unmatched) full population (models 1a and b), exact matching
using the typical criteria of technology class, application year, grant year per Trajtenberg et al.
(1997) (models 2a and b), PSM matching using the typical criteria of technology class, applica-
tion year, grant year (models 3a and b) and ML-PSM (models 4a and b). In all models, the

FIGURE 2 Machine learning-propensity score matching calculated propensity score balance plots, pre-

versus post-match.

17This is feasible as no patent can be treated with multiple funding types. It, therefore, adheres to the stable unit
treatment value assumption allowing for subclassification in second stage regressions (Rubin, 1980).
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FIGURE 3 Balance plots, pre-match versus post-match.
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second-stage outcome is invention disruption, measured by how much a patented technology
disrupts patent citation patterns (Funk & Owen-Smith, 2017). As noted above, our “treatment”
condition is those patented technologies by private firms which were developed together with
public partners (see 1a; 2a; 3a; 4a). Per Stuart and Rubin (2008) to better assess when matching
methods are useful, we decompose the treatment in three subclassifications discussed above—
contracts, grants, and cooperative agreements (see models 1b; 2b; 3b; 4b). To calculate the treat-
ment effect, we run an OLS regression to predict invention disruption, given the treatment
funding mechanism.

There are several results. First, matching matters for second-stage results in Table 4: several
key coefficients in the unmatched regressions (models 1a and b) differ from the matching
models (models 2a–4a and 2b–4b). Comparing treatment effects across different inference strat-
egies (Imbens, 2004) in Table 4, the coefficient for public–private relationship ranges from nega-
tive for unmatched (β = −.01; model 1a) to positive for ML-matching (β = .02; model 4a),
pointing to importance of matching. Similarly, decomposing the public–private relationships
into subcategories (Imbens, 2004), the coefficients of contracts and grants on invention disrup-
tion switch from null and negative, respectively, (models 1b) to positive (models 4b) when
matching is added whereas coefficient values of cooperative agreements remain consistently
negative. We return to this interesting difference below.

Examination of matching models also indicates that the estimated coefficients for the
public–private relationship, contract, grant and agreement variables are consistent across
matching models (with controls) although the coefficient on the grant variable is estimated with
more precision in the ML-PSM model. In other words, the matching results are consistent
across approaches (models 2a–4a and 2b–4b), and only slightly different with the use of ML
(models 4a and b). Overall, given that the original (i.e., unmatched) estimates of contracts and
grants appear to be biased, it seems likely that matching is a useful method to control for selec-
tion bias for grants and contracts.

A qualitative examination of the selection (i.e., solicitation) process for grants and contracts
versus cooperative agreements is helpful to explain why grants and contracts are more likely
exposed to treatment selection bias while cooperative agreements are less likely (see Table 4).
As noted above, in our setting, patents are “treated” with public funding when a public funding
agency funds a corporate R&D project. However, these funding approaches differ for grants and
contracts versus cooperative agreements. Grants and contracts are initiated when a public
funding agency publicly posts a solicitation, defined as “a document which provides the require-
ments and instructions for the submission by eligible applicants” (U.S. Department of
Labor, 2010). In the solicitation of grants and contracts, the public funding agency determines
the parameters of the R&D project before beginning a project with a company. For example,
the Office of Basic Energy Sciences, out of the U.S. Department of Energy, recently released a
solicitation calling for Advanced Fossil Energy Technology Research, which would fund firms
up to nearly two million dollars to work on: “the development of innovative, cost-effective tech-
nologies for improving the efficiency and environmental performance of advanced industrial
and utility fossil energy power generation and natural gas recovery systems (U.S. Department of
Energy, 2019).” Similarly, the U.S. Department of the Navy released a solicitation calling for a
High-Power Compact Fuel Cell System which could fund firms up to three million dollars to,
“develop a compact fuel cell system (e.g., stackable fuel cells, hydrogen and oxygen fuel sources,
all balance-of-plant equipment including by-product management components) capable of pro-
ducing, at a minimum, 500 kW of power” (U.S. Navy Small Business Innovation Research
(SBIR)/Small Business Technology Transfer (STTR), 2019). In both instances, grant and
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contract R&D projects, respectively, are initiated by the public funding agency. After reading
the solicitation, the company can then choose, or choose not, to apply. Therefore, with grants
and contracts, the public R&D organization solicits the private company, and the company
must select into the funding relationship.

Cooperative agreements have a different selection process, which may explain why they
may be less likely to be exposed to treatment selection bias. With cooperative agreements,
public-funding agency solicitations are not required. Instead, the parameters of the research
project are often co-developed by the public funding agency and the company (Ham &
Mowery, 1998). As opposed to grants or contracts, cooperative agreements are used when “sub-
stantial involvement is anticipated between the executive agency (public funding agency)…[and
the] other recipient (company) during performance of the contemplated activity” (U. S.
Congress, 1977). Given this social participatory requirement, policymakers have allowed com-
panies and public funding agencies to co-develop the parameters of the R&D project before
selecting into the project. A typical result is that the company, not the public funding agency,
initiates the cooperative agreement project. In turn, prior work has shown that the public
funding agency agrees to the cooperative agreement only if its interests align with the company
(Bruce et al., 2019). This solicitation process stands in stark comparison to grants and contracts.
Instead of a public funding agency soliciting the company, it begins with the company soliciting
the government which likely explains the differences in treatment selection.

Legally, the difference in solicitation processes draws from the fact that grants and contracts
must be awarded through open competition18 (Office of Acquisition and Property
Management, 2011). For cooperative agreements, this is strongly encouraged, but not necessary.
For example, the National Institutes of Health notes that “fair access to CRADAs
(i.e., cooperative agreements) is not to be considered as synonymous with the term ‘open
competition,’ as defined for contracts and small purchases” (National Institute of Health
(NIH), 2023). This legal justification allows for a difference in who approaches whom when
entering into an R&D project.

Figure 4 provides additional evidence. It illustrates the propensity scores for contracts,
grants, and cooperative agreements in comparison with the propensity score distribution for
private firm-only patents. While grant and contract distributions are different from that of pri-
vate firm-only patents, cooperative agreement distribution aligns closely with private firm-only
patents. Again, this additional evidence provides further support for the argument that coopera-
tive agreement treated patents are sampled from a similar population to the private firm-only
control group, whereas grants and contracts are likely sampled from a very different population
necessitating careful matching to generate a balanced sample.

As an overview, the list of steps for applying ML is provided in Table 5, and a comparison of
traditional matching models versus ML-assisted matching models in Table 6.

4 | DISCUSSION

This article offered ML as an additional tool for two-stage matching models. Our particular
focus was on the use of ML in the first stage to determine variables on which to match. Empiri-
cal researchers in strategy and organizations who tackle causal inference by including a

18There are exceptions when grants and contracts can be “sole-sourced” to specific companies, but those events are rare
in comparison to cooperative agreements.
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prediction step in two-stage models (such as PSM where the first stage is a prediction or inverse
probability of treatment weights (IPTWs); e.g., Thatchenkery & Katila, 2023; Katila et al., 2017)
can benefit from considering the method. The method can also contribute to strategy conversa-
tion around causal inference strategies in general given its partly “automated” nature.

FIGURE 4 Propensity score balance across three treatments.

TABLE 5 Propensity score matching–machine learning roadmap.

Step Activities

1 Select covariates

2 Plot covariate distributions

3 Build a propensity score model

3.1 Split the data into training, validation, and test sets

3.2 Select a propensity score matching-machine learning model (e.g., logistic regression)

3.3 Train and validate model using regularization methods

3.4 Evaluate model performance on test data

3.5 Repeat steps 3.2–3.4 with additional covariates/interactions

3.6 Select the best propensity score model

4 Use propensity score model to generate propensity scores

5 Match treatment and control observations which have similar scores

6 Plot covariate distributions, post-match

7 Run second-stage regression

Note: The unique machine learning approach is bolded in steps 3.1–3.6. The other, unbolded steps represent the conventional
propensity score matching approach.
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There are several contributions. First, our review of existing work presented compelling evi-
dence that traditional first-stage approaches (identifying potentially confounding variables by
relying on somewhat ad hoc researcher choice) could potentially be incomplete and could be
enhanced by new additional matching methods. Our review of the ML methods useful for
choosing matching variables can help address many of these limitations and thus help scholars
in causal inference.

Second, we outlined a detailed step-by-step methodology that illustrated how to apply ML to
PSM and utilized a technology strategy data set—patent data on public–private relationships—
to demonstrate how and when ML could be useful. By incrementally adding potentially con-
founding covariates and assessing treatment effects enabled us to illustrate the core details of
the method. We found, per Imbens (2004) that matching methods were advised due to coeffi-
cients changing in the second-stage models. We used a sequential, data-driven approach to
adding confounding covariates and their complex functional forms. This provided a systematic
approach to not only enhance robustness of model prediction in the first stage, but also poten-
tially de-bias estimates in the second stage.

It is important to note that we chose these data simply as an example to demonstrate the
ML-PSM matching technique. Although our intent is not second-stage policy evaluation, we
find our second-stage results to be consistent with those of other matching methods, and in one
case of public sector partners (i.e., grants), the ML estimates to be relatively more precise. These
results increase our confidence in the ML method as an additional tool that researchers can use
in regression studies.

As with any method, there are of course boundary conditions. First, we cannot relinquish
our responsibility as researchers to automation or to a “machine.” Human interpretation plays
a crucial role: Researcher expertise is still very much needed, both in constructing and inter-
preting the models. In fact, without human reasoning, ML approaches carry the risk of black-
boxing and thus introducing more uncertainty than reducing it.

TABLE 6 Comparison of traditional versus ML-assisted regressions.

Causal inference models (2-stage regression models)

Key elements
Traditional
2-stage Supervised ML-assisted 2-stage

Objective Robust causal
inference

Robust causal inference

Typical application areas # Variables << #
observations

# Variables >> # observations; variable
interdependencies

Defenses against overfitting
(specialization to a particular
circumstance)

Comparison
across different
datasets

Cross-validation, comparison of R2 and AUC,
regularization

Model selection Researcher
intuition

Combination of optimization and researcher
intuition (determining the variables to be
constructed, and forcing inclusion of certain
variables in the model)

Variables and functional forms Few, mostly
linear

Many, with complex interdependencies
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Further, ML shines when the regression datasets are large with many, complex confounders
(e.g., Katila et al., 2022). In small datasets with few confounders, an analytic regression is likely
to be an equally effective alternative. A practical rule of thumb often suggested in the literature
is that if there are many predictors relative to observations, it is worth considering ML
approaches for variable selection. In the reverse case of a large number of observations relative
to the number of predictors, running a logistic regression is often computationally feasible, and
there is no need to run ML.

In conclusion, applying ML for causal inference is starting to surface as an increasingly use-
ful method across various disciplines. Integrating ML concepts into existing practices can assist
in a number of strategy problems examined today, encourage thoughtful and thorough covari-
ate selection practices, and increase appreciation of “automated” data practices.
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APPENDIX

REGULARIZATION AND CROSS-VALIDATION DETAILS
In its simplest form, supervised learning estimates a predictive model's coefficient weights with

a maximum likelihood estimator: L�Pn

i
Y i−Hθ Xið Þð Þ2 where Hθ Xið Þ is the predictive model,

Yi is the outcome variable, Xi is the set of observed covariates, and θ is the set of coefficient
weights. To build a model, the optimizing solver iteratively updates estimates of θ to drive likeli-
hood (L) to zero. For reference, this “base” likelihood estimator is equivalent to traditional
econometric approaches (Rosenbaum & Rubin, 1983). The difference is the regularization term.
This term prevents overfitting by penalizing the estimator if the estimator tries to weight partic-
ular coefficients too heavily.

The two most common forms of regularization applicable for propensity scores are Lasso
(L1) and Ridge (L2). L1 regularization penalizes the estimator by driving the weights of dimen-
sion coefficients which do not contribute to selection to zero. Using L1 regularization, over-
fitting is controlled for by effectively deleting those observational factors which are not
confounding (i.e., not predictive). The L1 penalized estimator takes the form of:

L�Pn

i=1
Yi−Hθ Xið Þð Þ2+λ1

Pn

i=1
j θi j. The L2 regularization normalizes coefficient weights to ensure

that no singular dimension dominates the model. Thus, L2 regularization forces coefficient
weights to be small, but keeps all information in the model. While it therefore minimizes the
impact of any single dimension, it remains prone to including non-confounding dimensions.

The L2 penalized estimator takes the form L�Pn

i=1
Yi−Hθ Xið Þð Þ2+λ2

Pn

i=1
θ2i . Finally, the combina-

tion of both L1 and L2, that is, elastic net regularization, is particularly useful for matching

(Athey et al., 2018; Zou & Hastie, 2005) computed as L�Pn

i=1
Yi−Hθ Xið Þð Þ2+λ1

Pn

i=1
θij j+λ2

Pn

i=1
θ2i .

Elastic net regularization not only handles overfitting but also decreases curse of dimensionality
problems by algorithmically removing covariates and, therefore, limiting the number of dimen-
sions. As the number of dimensions approaches, or surpasses, the number of observations, L1
regularization begins randomly deleting dimensions with equivalent covariance (Zou &
Hastie, 2005). While this certainly minimizes overfitting, it is also likely to remove confounding
dimensions, violating the exogeneity assumption. Elastic-net regularization combines L1 and
L2 such that L2 can reweight dimensions before L1 sets dimension coefficient weights to zero,
minimizing the likelihood of equivalent covariance. As a second stage, then, L1 can more accu-
rately remove non-confounding dimensions. In combination, elastic net regularization quanti-
tatively and algorithmically determines which covariates are confounding covariates and thus
helps avoid overfitting and curse of dimensionality problems.

In this step, we include the regularization terms L1, λ1
Pn

i=1
θij j, and L2, λ2

Pn

i=1
θ2i . These terms

remove unconfounding covariates by penalizing their coefficients, θ, if the logistic model begins

to overfit. Thus, our likelihood estimation function is: L�Pn

i=1
Yi−Hθ Xið Þð Þ2+λ1

Pn

i=1
θij j+λ2

Pn

i=1
θ2i

where Hθ Xið Þ= 1
1+e− θ0+θ1Xi+…+θNXNð Þ. With this function, we estimate the covariate coefficients (θ).
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First, λ1&λ2 are initialized to zero, and the training data is used to generate predictions of θ.
Next, the validation set is used to compare model performance. Iteratively, the optimizer first
searches the set of θ that minimizes the training error (regularization), and then for the set
λ1&λ2 that minimize the validation error (cross-validation) (Zou & Hastie, 2005, p. 310). Once
θ,λ1,&λ2 are determined, supervised learning is complete. In practice, there are a wide variety
of available tools and statistical learning packages that make supervised learning relatively
straightforward including Scikit-Learn (for python), Caret (for R), and Tensorflow. We used
Vowpal Wabbit,19 which takes advantage of AdaGRAD to minimize the loss function.

19Vowpal Wabbit is a fast, online learning code by Microsoft Research Group and (previously) Yahoo! Research. https://
github.com/JohnLangford/vowpal_wabbit/wiki.
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