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Abstract
This paper provides an assessment of the early contributions of machine learning to economics, as
well as predictions about its future contributions. It begins by briefly overviewing some themes
from the literature on machine learning, and then draws some contrasts with traditional approaches
to estimating the impact of counterfactual policies in economics. Next, we review some of the initial
“off-the-shelf” applications of machine learning to economics, including applications in analyzing
text and images. We then describe new types of questions that have been posed surrounding the
application of machine learning to policy problems, including “prediction policy problems,” as well
as considerations of fairness and manipulability. We present some highlights from the emerging
econometric literature combining machine learning and causal inference. Finally, we overview a
set of broader predictions about the future impact of machine learning on economics, including its
impacts on the nature of collaboration, funding, research tools, and research questions.
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Introduction

I believe that machine learning (ML) will have a dramatic impact on the field of economics within
a short time frame. Indeed, the impact of ML on economics is already well underway, and so it is
perhaps not too difficult to predict some of the effects.
The paper begins by stating the definition of ML that I will use in this paper, describing
its strengths and weaknesses, and contrasting ML with traditional econometrics tools for causal
inference, which is a primary focus of the empirical economics literature. Next, I review some
applications of ML in economics where ML can be used off-the-shelf: the use case in economics
is essentially the same use case that the ML tools were designed an optimized for. I then review
“prediction policy” problems (Kleinberg et al., 2015), where prediction tools have been embedded in
the context of economic decision-making. Then, I provide an overview of the questions considered
and early themes of the the emerging literature in econometrics and statistics combining machine
learning and causal inference, a literature that is providing insights and theoretical results that
are novel from the perspective of both ML and statistics/econometrics. Finally, I step back and
describe the implications of the field of economics as a whole. Throughout, I make reference to
the literature broadly, but do not attempt to conduct a comprehensive survey or reference every
application in economics.
The paper highlights several themes.
A first theme is that ML does not add much to questions about identification, which concern
when the object of interest, e.g. a causal effect, can be estimated with infinite data, but rather
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yields great improvements when the goal is semi-parametric estimation or when there are a large
number of covariates relative to the number of observations. ML has great strengths in using data
to select functional forms flexibly.
A second theme is that a key advantage of ML is that ML views empirical analysis as “algorithms” that estimate and compare many alternative models. This approach constrasts with
economics, where (in principle, though rarely in reality) the researcher picks a model based on
principles and estimates it once. Instead, ML algorithms build in “tuning” as part of the algorithm.
The tuning is essentially model selection, and in an ML algorithm that is data-driven. There are
a whole host of advantages of this approach, including improved performance as well as enabling
researchers to be systematic and fully describe the process by which their model was selected. Of
course, cross-validation has also been used historically in economics, for example for selecting the
bandwidth for a kernel regression, but it is viewed as a fundamental part of an algorithm in ML.
A third, closely related theme is that “outsourcing” model selection to algorithm works very
well when the problem is “simple”–for example, prediction and classification tasks, where performance of a model can be evaluated by looking at goodness of fit in a held-out test set. Those
are typically not the problems of greatest interest for empirical researchers in economics, who instead are concerned with causal inference, where there is typically not an unbiased estimate of the
ground truth available for comparison. Thus, more work is required to apply an algorithmic approach to economic problems. The recent literature at the intersection of ML and causal inference,
reviewed in this paper, has focused on providing the conceptual framework and specific proposals
for algorithms that are tailored for causal inference.
A fourth theme is that the algorithms also have to be modified to provide valid confidence
intervals for estimated effects when the data is used to select the model. Many recent papers make
use of techniques such as sample splitting, leave-one-out estimation, and other similar techniques
to provide confidence intervals that work both in theory and in practice. The upside is that using
ML can provide the best of both worlds: the model selection is data driven, systematic, and a wide
range of models are considered; yet, the model selection process is fully documented, and confidence
intervals take into account the entire algorithm.
Finally, the combination of ML and newly available datasets will change economics in fairly
fundamental ways, ranging from new questions, to new approaches to collaboration (larger teams
and interdisciplinary interaction), to a change in how involved economists are in the engineering
and implementation of policies.
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What is Machine Learning and What are Early Use Cases?

It is harder than one might think to come up with an operational definition of ML. The term can
be (and has been) used broadly or narrowly; it can refer to a collections of subfields of computer
science, but also to a set of topics that are developed and used across computer science, engineering,
statistics, and increasingly the social sciences. Indeed, one could devote an entire article to the
definition of ML, or to the question of whether the thing called ML really needed a new name
other than statistics, the distinction between ML and AI, and so on. However, I will leave this
debate to others, and focus on a narrow, practical definition that will make it easier to distinguish
ML from the most commonly used econometric approaches used in applied econometrics until very
recently.1 For readers coming from a machine learning background, it is also important to note
1

I will also focus on the most popular parts of ML; like many fields, it is possible to find researchers who define
themselves as members of the field of ML doing a variety of different things, including pushing the boundaries of ML
with tools from other disciplines. In this article I will consider such work to be interdisciplinary rather than “pure”
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that applied statistics and econometrics have developed a body of insights on topics ranging from
causal inference to efficiency that have not yet been incorporated in mainstream machine learning,
while other parts of machine learning have overlap with methods that have been used in applied
statistics and social sciences for many decades.
Starting from a relatively narrow definition of machine learning, machine learning is a field
that develops algorithms designed to be applied to datasets, with the main areas of focus being
prediction (regression), classification, and clustering or grouping tasks. These tasks are divided into
two main branches, supervised and unsupervised ML. Unsupervised ML involves finding clusters of
observations that are similar in terms of their covariates, and thus can be interpreted as “dimensionality reduction”; it is commonly used for video, images and text. There are a variety of techniques
available for unsupervised learning, including k-means clustering, topic modeling, community detection methods for networks, and many more. For example, the Latent Dirichlet Allocation model
(Blei et al., 2003b) has frequently been applied to find “topics” in textual data. The output of a
typical unsupervised ML model is a partition of the set of observations, where observations within
each element of the partition are similar according to some metric; or, a vector of probabilities or
weights that describe a mixture of topics or groups that an observation might belong to. If you
read in the newspaper that a computer scientist “discovered cats on YouTube,” that might mean
that they used an unsupervised ML method to partition a set of videos into groups, and when a
human watches the the largest group, they observe that most of the videos in the largest group
contain cats. This is referred to as “unsupervised” because there were no “labels” on any of the
images in the input data; only after examining the items in each group does an observer determine
that the algorithm found cats or dogs. Not all dimensionality reduction methods involve creating
clusters; older methods such as principal components analysis can be used to reduce dimensionality,
while modern methods include matrix factorization (finding two low-dimensional matrices whose
product well approximates a larger matrix), regularization on the norm of a matrix, hierarchical
Poisson factorization (in a Bayesian framework) (Gopalan et al., 2015), and neural networks.
In my view, these tools are very useful as an intermediate step in empirical work in economics.
They provide a data-driven way to find similar newspaper articles, restaurant reviews, etc., and
thus create variables that can be used in economic analyses. These variables might be part of the
construction of either outcome variables or explanatory variables, depending on the context. For
example, if an analyst wishes to estimate a model of consumer demand for different items, it is
common to model consumer preferences over characteristics of the items. Many items are associated
with text descriptions as well as online reviews. Unsupervised learning could be used to discover
items with similar product descriptions, in an initial phase of finding potentially related products;
and it could also be used to find subgroups of similar products. Unsupervised learning could
further be used to categorize the reviews into types. An indicator for the review group could be
used in subsequent analysis without the analyst having to use human judgement about the review
content; the data would reveal whether a certain type of review was associated with higher consumer
perceived quality, or not. An advantage of using unsupervised learning to create covariates is that
the outcome data is not used at all; thus, concerns about spurious correlation between constructed
covariates and the observed outcome are less problematic. Despite this, Egami et al. (2016) have
argued that researchers may be tempted to fine-tune their construction of covariates by testing
how they perform in terms of predicting outcomes, thus leading to spurious relationships between
covariates and outcomes. They recommend the approach of sample splitting, whereby the model
tuning takes place on one sample of data, and then the selected model is applied on a fresh sample
of data.
ML, and will discuss it as such.
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Unsupervised learning can also be used to create outcome variables. For example, Athey et al.
(2017d) examine the impact of Google’s shutdown of Google News in Spain on the types of news
consumers read. In this case, the share of news in different categories is an outcome of interest.
Unsupervised learning can be used to categorize news in this type of analysis; that paper uses
community detection techniques from network theory. In the absence of dimensionality reduction,
it would be difficult to meaningfully summarize the impact of the shutdown on all of the different
news articles consumed in the relevant time frame.
Supervised machine learning typically entails using a set of features or covariates (X) to predict
an outcome (Y ). When using the term prediction, it is important to emphasize that the framework
focuses not on forecasting, but rather on a setting where there are some labelled observations
where both X and Y are observed (the training data), and the goal is to predict outcomes (Y ) in
an independent test set based on the realized values of X for each unit in the test set. In other
words, the goal is to construct µ̂(x), which is an estimator of µ(x) = E[Y |X = x], in order to do a
good job predicting the true values of Y in an independent dataset The observations are assumed
to be independent, and the joint distribution of X and Y in the training set is the same as that in
the test set. These assumptions are the only substantive assumptions required for most machine
learning methods to work.
In the case of classification, the goal is to accurately classify observations. For example, the
outcome could be the animal depicted in an image, the “features” or covariates are the pixels in
the image, and the goal is to correctly classify images into the correct animal depicted. A related
but distinct estimation problem is to estimate P r(Y = k|X = x) for each of k = 1, .., K possible
realizations of Y .
It is important to emphasize that the ML literature does not frame itself as solving estimation
problems – so estimating µ(x) or P r(Y = k|X = x) is not the primary goal. Instead, the goal
is to achieve goodness of fit in an independent test set by minimizing deviations between actual
outcomes and predicted outcomes. In applied econometrics, we often wish to understand an object
like µ(x) in order to perform exercises like evaluate the impact of changing one covariate while
holding others constant. This is not an explicit aim of ML modeling.
There are a variety of ML methods for supervised learning, such as regularized regression
(LASSO, ridge and elastic net), random forest, regression trees, support vector machines, neural
nets, matrix factorization, and many others, such as model averaging. See Varian (2014) for an
overview of some of the most popular methods, and Mullainathan and Spiess (2017) for more details.
(Also note that White (1992) attempted to popularize neural nets in economics in the early 1990s,
but at the time they did not lead to substantial performance improvements and did not become
popular in economics.) What leads us to categorize these methods as “ML” methods rather than
traditional econometric or statistical methods? First is simply an observation: until recently, these
methods were neither used in published social science research, nor taught in social science courses,
while they were widely studied in the self-described ML and/or “statistical learning” literatures.
One exception is ridge regression, which received some attention in economics; and LASSO had
also received some attention. But from a more functional perspective, one common feature of many
ML methods is that they use data-driven model selection. That is, the analyst provides the list of
covariates or features, but the functional form is at least in part determined as a function of the
data, and rather than performing a single estimation (as is done, at least in theory, in econometrics),
so that the method is better described as an algorithm that might estimate many alternative models
and then select among them to maximize a criterion.
There is typically a tradeoff between expressiveness of the model (e.g. more covariates included
in a linear regression) and risk of over-fitting, which occurs when the model is too rich relative to the
sample size. (See Mullainathan and Spiess (2017) for more discussion of this.) In the latter case, the
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goodness of fit of the model when measured on the sample where the model is estimated is expected
to be much better than the goodness of fit of the model when evaluated on an independent test
set. The ML literature uses a variety of techniques to balance expressiveness against over-fitting.
The most common approach is cross-validation whereby the analyst repeatedly estimates a model
on part of the data (a “training fold”) and then evaluates it on the complement (the “test fold”).
The complexity of the model is selected to minimize the average of the mean-squared error of the
prediction (the squared difference between the model prediction and the actual outcome) on the
test folds. Other approaches used to control over-fitting include averaging many different models,
sometimes estimating each model on a subsample of the data (one can interpret the random forest
in this way).
In contrast, in much of cross-sectional econometrics and empirical work in economics, the tradition has been that the researcher specifies one model, estimates the model on the full dataset, and
relies on statistical theory to estimate confidence intervals for estimated parameters. The focus is
on the estimated effects rather than the goodness of fit of the model. For much empirical work in
economics, the primary interest is in the estimate of a causal effect, such as the effect of a training
program, a minimum wage increase, or a price increase. The researcher might check robustness
of this parameter estimate by reporting two or three alternative specifications. Researchers often
check dozens or even hundreds of alternative specifications behind the scenes, but rarely report this
practice because it would invalidate the confidence intervals reported (due to concerns about multiple testing and searching for specifications with the desired results). There are many disadvantages
to the traditional approach, including but not limited to the fact that researchers would find it difficult to be systematic or comprehensive in checking alternative specifications, and further because
researchers were not honest about the practice, given that they did not have a way to correct for
the specification search process. I believe that regularization and systematic model selection have
many advantages over traditional approaches, and for this reason will become a standard part of
empirical practice in economics. This will particularly be true as we more frequently encounter
datasets with many covariates, and also as we see the advantages of being systematic about model
selection. As I discuss below, however, this practice must be modified from traditional ML and
in general “handled with care” when the researcher’s ultimate goal is to estimate a causal effect
rather than maximize goodness of fit in a test set.
To build some intuition about the difference between causal effect estimation and prediction, it
can be useful to consider the widely used method of instrumental variables. Instrumental variables
are used by economists when they wish to learn a causal effect, for example the effect of a price on
a firm’s sales, but they only have access to observational (non-experimental) data. An instrument
in this case might be an input cost for the firm that shifts over time, and is unrelated to factors
that shift consumer’s demand for the product (such demand shifters can be referred to as “confounders” becaues the affect both the optimal price set by the firm and the sales of the product).
The instrumental variables method essentially projects the observed prices onto the input costs,
thus only making use of the variation in price that is explained by changes in input costs when
estimating the impact of price on sales. It is very common to see that a predictive model (e.g.
least squares regression) might have very high explanatory power (e.g. high R2 ), while the causal
model (e.g. instrumental variables regression) might have very low explanatory power (in terms of
predicting outcomes). In other words, economists typically abandon the goal of accurate prediction
of outcomes in pursuit of an unbiased estimate of a causal parameter of interest.
Another difference derives from the key concerns in different approaches, and how those concerns
are addressed. In predictive models, the key concern is the tradeoff between expressiveness and
overfitting, and this tradeoff can be evaluated by looking at goodness of fit in an independent test
set. In contrast, there are several distinct concerns for causal models. The first is whether the
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parameter estimates from a particular sample are spurious, that is, whether estimates arise due to
sampling variation, so that if a new random sample of the same size was drawn from the population,
the parameter estimate would be substantially different. The typical approach to this problem in
econometrics and statistics is to prove theorems about the consistency and asymptotic normality
of the parameter estimates, propose approaches to estimating the variance of parameter estimates,
and finally to use those results to estimate standard errors that reflect the sampling uncertainty
(under the conditions of the theory). A more data-driven approach is to use bootstrapping, and
estimate the empirical distribution of parameter estimates across bootstrap samples. The typical
ML approach of evaluating performance in a test set does not directly handle the issue of the
uncertainty over parameter estimates, since the parameter of interest is not actually observed in
any test set. The researcher would need to estimate the parameter again in the test set.
A second concern is whether the assumptions required to “identify” a causal effect are satisfied,
where in econometrics we say that a parameter is identified if we can learn it eventually with infinite
data (where even in the limit, the data has the same structure as in the sample considered). It
is well known that the causal effect of a treatment is not identified without making assumptions,
assumptions which are generally not testable (that is, they cannot be rejected by looking at the
data). Examples of identifying assumptions include the assumption that the treatment is randomly
assigned, or that treatment assignment is “unconfounded.” In some settings, these assumptions
require the analyst to observe all potential “confounders” and control for them adequately; in other
settings, the assumptions require that an instrumental variable is uncorrelated with the unobserved
component of outcomes. In many cases it can be proven that even with a data set of infinite size,
the assumptions are not testable–they can not be rejected by looking at the data, and instead must
be evaluated on substantive grounds. Justifying assumptions is one of the primary components
of an observational study in applied economics. If the “identifying” assumptions are violated,
estimates may be biased (in the same way) in both training data and test data. Testing assumptions
usually requires additional information, like multiple experiments (designed or natural) in the data.
Thus, the ML approach of evaluating performance in a test set does not address this concern at
all. Instead, ML is likely to help make estimation methods more credible, while maintaining
the identifying assumptions: in practice, coming up with estimation methods that give unbiased
estimates of treatment effects requires flexibly modeling a variety of empirical relationships, such as
the relationship between the treatment assignment and covariates. Since ML excels at data-driven
model selection, it can be useful in systematizing the search for the best functional forms when
implementing an estimation technique.
Economists also build more complex models that incorporate both behavioral and statistical
assumptions in order to estimate the impact of counterfactual policies that have never been used
before. A classic example is McFadden’s methodological work in the early 1970s (e.g. McFadden et al. (1973)) analyzing transportation choices. By imposing the behavioral assumption that
consumers maximize utility when making choices, it is possible to estimate parameters of the consumer’s utility function, and estimate the welfare effects and market share changes that would occur
when a choice is added or removed (e.g. extending the BART transportation system), or when the
characteristics of the good (e.g. price) are changed. Another example with more complicated behavioral assumptions is the case of auctions. For a dataset with bids from procurement auctions, the
“structural” approach involves estimating a probability distribution over bidder values, and then
evaluating the counterfactual effect of changing auction design (e.g. Laffont et al. (1995), Athey
et al. (2011), Athey et al. (2013) or the review Athey and Haile (2007)). For further discussions of
the contrast between prediction and parameter estimation, see the recent review by Mullainathan
and Spiess (2017). There is a small literature in ML referred to as “inverse reinforcement learning”
(Ng et al., 2000) that has a similar approach to the structural estimation literature economics; this
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ML literature has mostly operated independently without much reference to the earlier econometric
literature. The literature attempts to learn “reward functions” (utility functions) from observed
behavior in dynamic settings.
There are also other categories of ML models; for example, anomaly detection focuses on looking for outliers or unusual behavior, and is used, for example, to detect network intrusion, fraud,
or system failures. Other categories that I will return to below are reinforcement learning (roughly,
approximate dynamic programming) and multi-armed bandit experimentation (dynamic experimentation where the probabiity of selecting an arm is chosen to balance exploration and exploitation). These literatures often take a more explicitly causal perspective and thus are somewhat
easier to relate to economic models, and so my general statements about the lack of focus on causal
inference in ML must be qualified when discussing the literature on bandits.
Before proceeding, it is useful to highlight one other contribution of the ML literature. The
contribution is computational rather than conceptual, but it has had such a large impact that
it merits a short discussion. The technique is called stochastic gradient descent (SGD), and it
is used in many different types of models, including the estimation of neural networks as well as
large scale Bayesian models (e.g. Ruiz et al. (2017), discussed in more detail below). In short,
stochastic gradient descent is a method for optimizing an objective function, such as a likelihood
function or a generalized method of moments objective function, with respect to parameters. When
the objective function is expensive to compute (e.g. because it requires numerical integration),
stochastic gradient descent can be used. The main idea is that if the objective is the sum of terms,
each term corresponding to a single observation, the gradient can be approximated by picking a
single data point and using the gradient evaluated at that observation as an approximation to the
average (over observations) of the gradient. This estimate of the gradient will be very noisy, but
unbiased. The idea is that it is more effective to “climb a hill” taking lots of steps in a direction
that is noisy but unbiased, than it is to take a small number of steps, each in the right direction,
which is what happens if computational resources are focused on getting very precise estimates of
the gradient of the objective at each step. SGD can lead to dramatic performance improvements,
and thus enable the estimation of very complex models that would be intractable using traditional
approaches.

3
3.1

Using Prediction Methods in Policy Analysis
Applications of Prediction Methods to Policy Problems in Economics

There have already been a number of successful applications of prediction methodology to policy
problems. Kleinberg et al. (2015) have argued that there is a set of problems where off-the-shelf
ML methods for prediction are the key part of important policy and decision problems. They use
examples like deciding whether to do a hip replacement operation for an elderly patient; if you can
predict based on their individual characteristics that they will die within a year, then you should
not do the operation. Many Americans are incarcerated while awaiting trial; if you can predict
who will show up for court, you can let more out on bail. ML algorithms are currently in use for
this decision in a number of jurisdictions. Another natural example is credit scoring; an economics
paper by Bjorkegren and Grissen (2015) uses ML methods to predict loan repayment using mobile
phone data.
In other applications, Goel et al. (2016) use ML methods to examine stop-and-frisk laws, using
observables of a police incident to predict the probability that a suspect has a weapon, and they
show that blacks are much less likely than whites to have a weapon conditional on observables
and being frisked. Glaeser et al. (2016a) helped cities design a contest to build a predictive model
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that predicted health code violations in restaurants, in order to better allocate inspector resources.
There is a rapidly growing literature using machine learning together with images from satellites
and street maps to predict poverty, safety, and home values (see, e.g., Naik et al. (2017)). As Glaeser
et al. (2016b) argue, there are a variety of applications of this type of prediction methodology. It
can be used to compare outcomes over time at a very granular level, thus making it possible to
assess the impact of a variety of policies and changes, such as neighborhood revitalization. More
broadly, the new opportunities created by large-scale imagery and sensors may lead to new types
of analyses of productivity and well-being.
Although prediction is often a large part of a resource allocation problem – people who will
almost certainly die soon should not receive hip replacement surgery, and rich people should not
receive poverty aid– Athey (2017) discusses the gap between identifying units that are at risk and
those for whom intervention is most beneficial. Determining which units should receive a treatment
is a causal inference question, and answering it requires different types of data than prediction.
Either randomized experiments or natural experiments may be needed to estimate heterogeneous
treatment effects and optimal assignment policies. In business applications, it has been common
to ignore this distinction and focus on risk identification; for example, as of 2017, the Facebook
advertising optimization tool provided to advertisers optimizes for consumer clicks, but not for the
causal effect of the advertisement. The distinction is often not emphasized in marketing materials
and discussions in the business world, perhaps because many practitioners and engineers are not
well versed in the distinction between prediction and causal inference.

3.2

Additional Topics in Prediction for Policy Settings

Athey (2017) summarizes a variety of research questions that arise when prediction methods are
taken into policy applications. A number of these have attracted initial attention in both ML and
the social sciences, and interdisciplinary conferences and workshops have begun to explore these
issues.
One set of questions concerns interpretability of models. There are discussions of what interpretability means, and whether simpler models have advantages. Of course, economists have long
understood that simple models can also be misleading. In social sciences data, it is typical that
many attributes of individuals or locations are positively correlated–parents’ education, parents’
income, child’s education, and so on. If we are interested in a conditional mean function, and
estimate µ̂(x) = E[Yi |Xi = x], using a simpler model that omits a subset of covariates may be
misleading. In the simpler model, the relationship between the omitted covariates and outcomes is
loaded onto the covariates that are included. Omitting a covariate from a model is not the same
thing as controlling for it in an analysis, and it can sometimes be easier to interpret a partial effect
of a covariate controlling for other factors, than it is to keep in mind all of the other (omitted)
factors and how they covary with those included in a model. So, simpler models can sometimes be
misleading; they may seem easy to understand, but the understanding gained from them may be
incomplete or wrong.
One type of model that typically is easy to interpret and explain is a causal model. As reviewed
in Imbens and Rubin (2015), the causal inference framework typically makes the estimand very
precise–e.g. the average effect if a treatment were applied to a particular population, the conditional
average treatment effect (conditional on some observable characteristics of individuals), or the
average effect of a treatment on a subpopulation such as “compliers” (those whose treatment
adoption is affected by an instrumental variable). Such parameters by definition give the answer
to a well-defined question, and so the magnitudes are straightforward to interpret. Key parameters
of “structural” models are also straightforward to interpret–they represent parameters of consumer
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utility functions, elasticities of demand curves, bidder valuations in auctions, marginal costs of firms,
and so on. An area for further research concerns whether there are other ways to mathematically
formalize what it means for a model to be interpretable, or to analyze empirically the implications
of interpretability. Yeomans et al. (2016) study empirically a related issue of how much people
trust ML-based recommender systems, and why.
Another area that has attracted a lot of attention is the question of fairness and nondiscrimination, e.g. whether algorithms will promote discrimination by gender or race when used in settings
like hiring, judicial decisions, or lending. There are a number of interesting questions that can
be considered. One is, how can fairness constraints be defined? What type of fairness is desired?
For example, if a predictive model is used to allocate job interviews based on resumes, there are
two types of errors, type I and type II. It is straightforward to show that it is in general impossible to equalize both type I and type II errors across two different categories of people (e.g. men
and women), so the analyst must choose which to equalize (or both). See Kleinberg et al. (2016)
for further analysis and development of the inherent tradeoffs in fairness in predictive algorithms.
Overall, the literature on this topic has grown rapidly in the last two years, and we expect that
as ML algorithms are deployed in more and more contexts, the topic will continue to develop. My
view is that it is more likely that ML models will help make resource allocation more rather than
less fair; algorithms can absorb and effectively use a lot more information than humans, and thus
are less likely than humans to rely on stereotypes. To the extent that unconstrained algorithms do
have undesirable distributional consequences, it is possible to constrain the algorithms. Generally,
algorithms can be trained to optimize objectives under constraints, and thus it may be easier to
impose societal objectives on algorithms than on subjective decisions by humans.
A third issue that arises is stability and robustness, e.g. in response to variations in samples or
variations in the environment. There are a variety of related ideas in machine learning, including
domain adaptation (how do you make a model trained in one environment perform well in another
environment), “transfer learning,” and others. The basic concern is that ML algorithms do exhaustive searches across a very large number of possible specifications looking for the best model that
predicts Y based on X. The models will find subtle relationships bewteen X and Y , some of which
might not be stable across time or across environments. For example, for the last few years, there
may be more videos of cats with pianos than dogs with pianos. The presence of a piano in a video
may thus predict cats. However, pianos are not a fundamentnal feature of cats that holds across
environments, and so if a fad arises where dogs play pianos, performance of an ML algorithm might
suffer. This might not be a problem for a tech firm that re-estimates its models with fresh data
daily, but predictive models are often used over much longer time periods in industry. For example,
credit scoring models may be held fixed, since changing them makes it hard to assess the risk of
the set of consumers who accept credit offers. Scoring models used in medicine might be held fixed
over many years. There are many interesting methodological issues involved in finding models that
have stable performance and are robust to changing circumstances.
Another issue is that of manipulability. In the application of using mobile data to do credit
scoring, a concern is that consumers may be able to maniplate the data observed by the loan provider
(Bjorkegren and Grissen, 2015). For example, if certain behavioral patterns help a consumer get a
loan, the consumer can make it look like they have these behavioral patterns, for example visiting
certain areas of a city. If resources are allocated to homes that look poor via satellite imagery,
homes or villages can possibly modify the aerial appearance of their homes to make them look
poorer. An open area for future research concerns how to constrain ML models to make them less
prone to manipulability; Athey (2017) discusses some other examples of this.
There are also other considerations that can be brought into ML when it is taken to the field,
including computational time, the cost of collecting and maintaining the “features” that are used
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in a model, and so on. For example, technology firms sometimes make use of simplified models in
order to reduce the response time for real-time user requests for information.
Overall, my prediction is that social scientists (and computer scientists at the intersection with
social science), particularly economists and other social scientists, will contribute heavily to defining
these types of problems and concerns formally, and proposing solutions to them. This will not only
provide for better implementations of ML in policy, but will also provide rich fodder for interesting
research.

4

A New Literature on Machine Learning and Causal Inference

Despite the fascinating examples of “off-the-shelf” or slightly modified prediction methods, in
general ML prediction models are solving fundamentally different problems from much empirical
work in social science, which instead focuses on causal inference. A prediction I have is that
there will be an active and important literature combining ML and causal inference to create new
methods, methods that harness the strengths of ML algorithms to solve causal inference problems.
In fact, it is easy to make this prediction with confidence, because the movement is already well
underway. Here I will highlight a few examples, focusing on those that illustrate a range of themes,
while emphasizing that this is not a comprehensive survey or a thorough review.
To see the difference between prediction and causal inference, imagine that you have a data set
that contains data about prices and occupancy rates of hotels. Prices are easy to obtain through
price comparison sites, but occupancy rates are typically not made public by hotels. Imagine
first that a hotel chain wishes to form an estimate of the occupancy rates of competitors, based
on publicly available prices. This is a prediction problem: the goal is to get a good estimate of
occupancy rates, where posted prices and other factors (such as events in the local area, weather,
and so on) are used to predict occupancy. For such a model, you would expect to find that higher
posted prices are predictive of higher occupancy rates, since hotels tend to raise their prices as they
fill up (using yield management software). In contrast, imagine that a hotel chain wishes to estimate
how occupancy would change if the hotel raised prices across the board (that is, if it reprogrammed
the yield management software to shift prices up by 5% in every state of the world). This is a
question of causal inference. Clearly, even though prices and occupancy are positively correlated
in a typical dataset, we would not conclude that raising prices would increase occupancy. It is well
known in the causal inference literature that the question about price increases cannot be answered
simply by examining historical data without additional assumptions or structure. For example,
if the hotel previously ran randomized experiments on pricing, the data from these experiments
can be used to answer the question. More commonly, an analyst will exploit natural experiments
or instrumental variables, where the latter are variables that are unrelated to factors that affect
consumer demand, but that shift firm costs and thus their prices. Most of the classic supervised
ML literature has little to say about how to answer this question.
To understand the gap between prediction and causal inference, recall that the foundation of
supervised ML methods is that model selection (through, e.g., cross-validation) is carried out to
optimize goodness of fit on a test sample. A model is good if and only if it predicts outcomes well
in a test set. In contrast, a large body of econometric research builds models that substantially
r educe the goodness of fit of a model in order to estimate the causal effect of, say, changing prices.
If prices and quantities are positively correlated in the data, any model that estimates the true
causal effect (quantity goes down if you change price) will not do as good a job fitting a test dataset
that has the same joint distribution of prices and quantities as the training data. The place where
the econometric model with a causal estimate would do better is at fitting what happens if the firm
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actually changes prices at a given point in timeat doing counterfactual predictions when the world
changes. Techniques like instrumental variables seek to use only some of the information that is in
the data the clean or exogenous or experiment-like variation in pricesacrificing predictive accuracy
in the current environment to learn about a more fundamental relationship that will help make
decisions about changing price.
However, a new but rapidly growing literature is tackling the problem of using ML methods for
causal inference. This new literature takes many of the strengths and innovations of ML methods,
but applies them to causal inference. Doing this requires changing the objective function, since the
ground truth of the causal parameter is not observed in any test set. Also as a consequence of the
fact that the truth is not observed in a test set, statistical theory plays a more important role in
evaluating models, since it is more difficult to directly assess how well a parameter estimates the
truth, even if the analyst has access to an independent test set. Indeed, this discussion highlights
one of the key ways in which prediction is substantially simpler than parameter estimation: for
prediction problems, a prediction for a given unit (given its covariates) can be summarized in a
single number, the predicted outcome, and the quality of the prediction can be evaluated on a
test set without further modeling assumptions. Although the average squared prediction error of
a model on a test set is a noisy estimate of the expected value of the mean squared error on a
random test set (due to small sample size), the law of large numbers applies to this average and
it converges quickly to the truth as the test set size increases. Since the standard deviation of the
prediction error can also be easily estimated, it is straightforward to evaluate predictive models
without imposing additional assumptions.
There are a variety of different problems that can be tackled with ML methods. An incomplete
list of some that have gained early attention is given as follows. First, we can consider the type of
identification strategy for identifying causal effects. Some that have received attention in the new
ML/causal inference literature include:
1. Treatment randomly assigned (experimental data)
2. Treatment assignment unconfounded (conditional on covariates)
3. Instrumental variables
4. Panel data settings (including difference-in-difference designs)
5. Regression discontinuity designs
6. Structural models of individual or firm behavior
In each of those settings, there are different problems of interest:
1. Estimating average treatment effects (or a low-dimensional parameter vector)
2. Estimating heterogeneous treatment effects in simple models or models of limited complexity
3. Estimating heterogeneous treatment effects non-parametrically
4. Estimating optimal treatment assignment policies
5. Identifying groups of individuals that are similar in terms of their treatment effects
Although the early literature is already too large to summarize all of the contributions to each
combination of identification strategty and problem of interest, it is useful to observe that at this
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point there are entries in almost all of the “boxes” associated with different identification strategies,
both for average treatment effects and heterogeneous treatment effects. Here, I will provide a bit
more detail on a few leading cases that have received a lot of attention, in order to illustrate some
key themes in the literature.
It is also useful to observe that even though the last four problems seem closely related, they
are distinct, and the methods used to solve them as well as the issues that arise are distinct. These
distinctions have not traditionally been emphasized as much in the literature on causal inference,
but they matter more in environments with data-driven model selection, because each has a different
objective and the objective function can make a big difference in determining the selected model
in ML-based models. Issues of inference are also distinct, as we will discuss further below.

4.1

Average Treatment Effects

A large and important branch of the literature on causal inference focuses on estimation of average
treatment effects under the unconfoundedness assumption. This assumption requires that potential
outcomes (the outcomes a unit would experience in alternative treatment regimes) are independent
of treatment assignment, conditional on covariates. In other words, treatment assignment is as
good as random after controlling for covariates.
From the 1990s through the 2000s, a literature emerged about using semi-parametric methods to
estimate average treatment effects (e.g. Bickel et al. (1993), focusing on an environment with a fixed
number of covariates that is small relative to the sample size. The methods are semi-parametric
in the sense that the goal is to estimate a low-dimensional parameter–in this case, the average
treatment effect–without making parametric assumptions about the way in which covariates affect
outcomes (e.g. Hahn (1998)). See Imbens and Wooldridge (2009); Imbens and Rubin (2015) for
reviews. In the mid-2000s, Mark van der Laan and coauthors introduced and developed a set of
methods called “targeted maximum likelihood” (van der Laan and Rubin, 2006). The idea is that
maximum likelihood is used to estimate a low-dimensional parameter vector in the presence of highdimensional nuisance parameters. The method allows the nuisance parameters to be estimated with
techniques that have less well established properties or a slower convergence rate. This approach
can be applied to estimate an average treatment effect parameter under a variety of identification
assumptions, but importantly, it is an approach that can be used with many covariates.
An early example of the application of ML methods to causal inference in economics (see Belloni
et al. (2014) and Chernozhukov et al. (2015) for reviews) uses regularized regression as an approach
to deal with many potential covariates, in an environment where the outcome model is “sparse,”
meaning that only a small number of covariates actually affect mean outcome (but there are many
observables, and the analyst does not know which ones are important). In an environment with
unconfoundedness, since some covariates are correlated with both the treatment assignment and
the outcome, if the analyst does not condition on them, the omission of the confounder will lead
to a biased estimate of the treatment effect. BCH propose a double-selection method based on the
LASSO. The LASSO is a regularized regression procedure, where a regression is estimated using
an objective function that balances in-sample goodness of fit with a penalty term that depends on
the sum of the magnitude of regression coefficients. This form of penalty leads many covariates
to be assigned a coefficient of zero, effectively dropping them from the regression. The magnitude
of the penalty parameter is selected using cross-validation. The authors observe that if LASSO
is used in a regression of the outcome and both the treatment indicator and other covariates, the
coefficient on the treatment indicator will be a biased estimate of the treatment effect, because
confounders that have a weak relationship with the outcome but a strong relationship with the
treatment assignment may be zeroed out by an algorithm whose sole objective is to select variables
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that predict outcomes.
A variety of other methods have been proposed for combining machine learning and traditional
econometric methods for estimating average treatment effects under the unconfoundedness assumption. Athey et al. (2016c) propose using a method they refer to as “residual balancing,” building on
work on balancing weights by Zubizarreta (2015). Their approach is similar to a “doubly-robust”
method for estimating average treatment effects that proceeds by taking the average of the efficient
score, which involves an estimate of the conditional mean of outcomes given covariates as well
as the inverse of the estimated propensity score; however, the residual balancing replaces inverse
propensity score weights with weights obtained using quadratic programming, where the weights
are designed to achieve balance between the treatment and control group. The conditional mean
of outcomes is estimated using LASSO. The main result in the paper is that this procedure is
efficient and achieves the same rate of convergence as if the outcome model was known, under a
few key assumptions. The most important assumption is that the outcome model is linear and
sparse, although there can be a large number of covariates and the analyst does not need to have
knowledge of which ones are important. The linearity assumption, while strong, allows the key
result to hold in the absence of any assumptions about the structure of the process mapping covariates to the assignment, other than overlap (propensity score bounded strictly between 0 and
1, which is required for identification of average treatment effects). No other approach has been
proposed that is efficient without assumptions on the assignment model. In settings where the
assignment model is complex, simulations show that the method works better than alternatives,
without sacrificing much in terms of performance on simpler models. Complex assignment rules
with many weak confounders arise commonly in technology firms, where complex models are used
to map from a user’s observed history to assignments of recommendations, advertisements, and so
on.
More recently, Chernozhukov et al. (2017) propose “double machine learning,” a method analogous to Robinson (1988), using a semi-parametric residual-on-residual regression as a method for
estimating average treatment effects under unconfoundedness. The idea is to run a non-parametric
regression of outcomes on covariates, and a second non-parametric regression of the treatment indicator on covariates; then, the residuals from the first regression are regressed on the residuals
from the second regression. In Robinson (1988), the non-parametric estimator was a kernel regression; the more recent work establishes that any ML method can be used for the non-parametric
1
regression, so long as it is consistent and converges at the rate n 4 .
A few themes are common to the latter two approaches. One is the importance of building
on the traditional literature on statistical efficiency, which provides strong guidance on what types
of estimators are likely to be successful, as well as the particular advantages of doubly robust
methods for average treatment effect estimation. A second theme is that orthogonalization can
work very well in practice–using machine learning to estimate flexibly the relationship between
outcomes and treatment indicators, and covariates–and then estimating average treatment effects
using residualized outcomes and/or residualized treatment indicators. The intuition is that in high
dimensions, mistakes in estimating nuisance parameters are likely, but working with residualized
variables makes the estimation of the average treatment effect orthogonal to errors in estimating
nuisance parameters. I expect that this insight will continue to be utilized in the future literature.

4.2

Heterogeneous Treatment Effects and Optimal Policies

Another area of active research concerns the estimation of heterogeneity in treatment effects, where
here we refer to heterogeneity with respect to observed covariates. For example, if the treatment is
a drug, we can be interested in how the drug’s efficacy varies with individual characteristics. Athey
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and Imbens (2017) provides a more detailed review of a variety of questions that can be considered
relating to heterogeneity; we will focus on a few here.
Treatment effect heterogeneity can be of interest either for basic scientific understanding (that
can be used to design new policies or understand mechanisms), or as a means to the end of estimating treatment assignment policies that map from a user’s characteristics to a treatment.
Starting with basic scientific understanding of treatment effects, another question concerns
whether we wish to discover simple patterns of heterogeneity, or whether a fully nonparametric
estimator for how treatment effects vary with covariates is desired. One approach to discovering
simpler patterns is provided by Athey and Imbens (2016). This paper proposes to create a partition
of the covariate space, and then estimate treatment effects in each element of the partition. The
splitting rule optimizes for finding splits that reveal treatment effect heterogeneity. The paper also
proposes sample splitting as a way to avoid the bias inherent in using the same data to discover
the form of heterogeneity, and to estimate the magnitude of the heterogeneity. One sample is
used to construct the partition, while a second sample is used to estimate treatment effects. In
this way, the confidence intervals built around the estimates on the second sample have nominal
coverage no matter how many covariates there are. The intuition is that since the partition is
created on an independent sample, the partition used is completely unrelated to the realizations of
outcomes in the second sample. In addition, the procedure used to create the partition penalizes
splits that increase the variance of the estimated treatment effects too much. This, together with
cross-validation to select tree complexity, ensures that the leaves don’t get too small, and thus the
confidence intervals have nominal coverage.
There have already been a wide range of applications of “causal trees” in applications ranging
from medicine to economic field experiments. The methods allow the researcher to discover forms
of heterogeneity that were not specified in a pre-analysis plan, without invalidating confidence
intervals. The method is also easily “interpretable,” in that for each element of the partition, the
estimator is a traditional estimate of a treatment effect. However, it is important for researchers
to recognize that just because, say, three covariates are used to describe an element of a partition
(e.g. male individuals with income between $100,000 and $120,000 and 15 to 20 years of schooling),
the average of all values of covariates will vary across partition elements. So, it is important not
to draw conclusions about what covariates are not associated with treatment effect heterogeneity.
This paper builds on earlier work on “model-based recursive partitioning (Zeileis et al., 2008), which
looked at recursive partitioning for more complex models (general models estimated by maximum
likelihood), but did not provide statistical properties (nor suggest the sample splitting which is a
focus of Athey and Imbens (2016)). Asher et al. (2016) provide another related example of building
classification trees for heterogeneity in GMM models.
In some contexts, a simple partition of the covariate space is most useful. In other contexts, it
is desirable to have a fully non-parametric estimate of how treatment effects vary with covariates.
In the traditional econometrics literature, this could be accomplished through kernel estimation
or matching techniques; these methods have well-understood statistical properties. However, even
though they work well in theory, in practice matching methods and kernel methods break down
when there are more than a handful of covariates.
In Wager and Athey (2017), we introduce the idea of a “causal forest.” Essentially, a causal
forest is the average of a lot of causal trees, where trees differ from one another due to subsampling.
Conceptually, a causal forest can be thought of as a version of a nearest neighbor matching method,
but one where there is a data-driven approach to determine which dimensions of the covariate
space are important to match on. The main technical results in this paper establish the first
asymptotic normality results for random forests used for prediction; this result is then extended to
causal inference. We also propose an estimator for the variance and prove its consistency, so that
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confidence intervals can be constructed.
A key requirement for our results about random forests is that each individual tree is “honest,”
that is, we use different data to construct a partition of the covariate space from the data used to
estimate treatment effects within the leaves. That is, we use sample splitting, similar to Athey and
Imbens (2016). In the context of a random forest, all of the data is used for both “model selection”
and estimation, as an observation that is in the partition-building subsample for one tree may be
in the treatment effect estimation sample in another tree.
Athey et al. (2017e) extended the framework to analyze nonparametric parameter heterogeneity
in any model where the parameter of interest can be estimated via GMM. The idea is that the
random forest is used to construct a series of trees. Rather than estimating a model in the leaves
of every tree, the algorithm instead extracts the weights implied by the forest. In particular, when
estimating treatment effects for a particular value of X, we estimate a “local GMM” model, where
observations close to X are weighted more heavily. How heavily? The weights are determined by
the fraction of time an observation ended up in the same leaf during the forest creation stage. A
subtlety in this project is that it is difficult to design general purpose, computationally light-weight
“splitting rules” for constructing partitions according to the covariates that predict parameter
heterogeneity. We provide a solution to that problem, and also provide a proof of asymptotic
normality of estimates as well as an estimator for confidence intervals. The paper highlights the
case of instrumental variables, and how the method can be used to find heterogeneity in treatment
effect parameters estimated with instrumental variables. An alternative approach to estimating
parameter heterogeneity in instrumental variables models was proposed by Hartford et al. (2016),
who use an approach based on neural nets. General nonparametric theory is more challenging for
neural nets.
The method of Athey et al. (2017e), “generalized random forests,” can be used as an alternative
to “traditional” methods such as local generalized method of moments or local maximum likelihood
(Tibshirani and Hastie, 1987). Local methods such as local linear regression typically target a
particular value of covariates, and use a kernel weighting function to weight nearby observations
more heavily when running a regression. The insight in Athey et al. (2017e) is that the random forest
can be re-interpreted as a method to generate a weighting function, and the forest-based weighting
function can substitute for the kernel weighting function in a local linear estimation procedure. The
advantages of the forest weighting function are that is data-adaptive as well as model-adaptive. It
is data-adaptive in that covariates that are important for heterogeneity in parameters of interest
are given more importance in determining what observations are “nearby.” It is model-adaptive in
that it focuses on heterogeneity in parameter estimates in a given model, rather than hetereogeneity
in predicting the conditional mean of outcomes, as in a traditional regression forest.
The insight of Athey et al. (2017e) is more general and I expect it to reappear in other papers in this literature: anyplace in traditional econometrics where a kernel function might have
been used, ML methods that perform better than kernels in practice may be substituted. However, the statistical and econometric theory for the new methods needs to be established in order
to ensure that the ML-based procedure has desired properties such as asymptotic normality of
parameter estimates. Athey et al. (2017e) does this for their generalized random forests for estimating heterogeneity in parameter estimates, and Hartford et al. (2016) use neural nets instead of
kernels for semi-parametric instrumental variables; Chernozhukov et al. (2017) does this for their
generalization of Robinson (1988) semi-parametric regression models.
There are also other possible approaches to estimating conditional average treatment effects
when the structure of the heterogeneity is assumed to take a simple form, or when the analyst
is willing to understand treatment effects conditioning only on a subset of covariates rather than
attempting to condition on all relevant covariates. Targeted maximum likelihood (van der Laan and
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Rubin, 2006) is one approach to this; more recently, Imai et al. (2013) proposed using LASSO to
uncover heterogeneous treatment effects, while Künzel et al. (2017) proposes an ML approach using
“meta-learners.” It is important to note, however, that if there is insufficient data to estimate the
impact of all relevant covariates, a model such as LASSO will tend to drop covariates (and their
interactions) that are correlated with other included covariates, so that the included covariates
“pick up” the impact of omitted covariates.
Finally, a motivating goal for understanding treatment effects is estimating optimal policy functions, that is, functions that map from the observable covariates of individuals to policy assignments.
This problem has been recently studied in economics by, e.g., Kitagawa and Tetenov (2015), who
focus on estimating the optimal policy from a class of potential policies of limited complexity. The
goal is to select a policy function to minimize the loss from failing to use the (infeasible) ideal policy,
referred to as the “regret” of the policy. Despite the general lack of research about causal inference
in the ML literature, the topic of optimal policy estimation has received some attention. However,
most of the ML literature focuses on algorithmic innovations, and does not exploit insights from
the causal inference literature. An exception is that a line of research has incorporated the idea
of propensity score weighting or doubly robust methods, although often without much reference to
the statistics and econometrics literature. Examples of papers from the ML literature focused on
policy learning include Strehl et al. (2010); Dudik et al. (2011); Li et al. (2012); Dudik et al. (2014);
Li et al. (2014); Swaminathan and Joachims (2015); Jiang and Li (2016); Thomas and Brunskill
(2016); Kallus (2017). One type of result in that literature establishes bounds on the regret of the
algorithm. In Athey and Wager (2017), we show how bringing in insights from semi-parametric
efficiency theory allows us to establish a tighter “regret bound” than the existing literature, thus
narrowing down substantially the set of algorithms that might achieve the regret bound. This
highlights the fact that the econometric theory literature has added value that has not been fully
exploited in ML. Another unrelated observation is that, perhaps surprisingly, the econometrics of
the problem of estimating optimal policy functions within a class of potential policies of limited
complexity is quite different from the problem of estimating conditional average treatment effects,
although of course the problems are related.

4.3

Contextual Bandits: Estimating Optimal Policies using Adaptive Experimentation

Above, I reviewed methods for estimating optimal policies mapping from individual covariates
to treatment assignments. A growing literature based primarily in ML studies the problem of
“bandits,” which are algorithms that actively learn about which treatment is best. Online experimentation works yields large benefits when the setting is such that it is possible to quickly
measure outcomes, and when there are many possible treatments. In the basic bandit problem
when all units have identical covariates, the problem of “online experimentation,” or “multi-armed
bandits,” asksthe question, how can experiments be designed to assign individuals to treatments
as they arrive, using data from earlier individuals to determine the probabilities of assigning new
individuals to each treatment, balancing the need for exploration against the desire for exploitation.
That is, bandits balance the need to learn against the desire to avoid giving individuals suboptimal
treatments. This type of online experimentation has been shown to yield reliable answers orders
of magnitude faster than traditional randomized controlled trials in cases where there are many
possible treatments (see e.g. Scott (2010)); the gain comes from the fact that treatments that are
doing badly are effectively discarded, so that newly arriving units are instead assigned to the best
candidates. When the goal is to estimate an optimal policy, it is not necessary to continue to allocate units to treatments that are fairly certain not to be optimal. Further, it is also not important
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from the perspective of expected payoffs to statistically distinguish two very similar treatments.
The literature has developed a number of heuristics for managing the explore-exploit tradeoff; for
example, “Thompson sampling” allocates units to treatment arms in proportion to the estimated
probability that each treatment arm is the best.
There is much less known about the setting where individuals have observed attributes, in which
case the goal is to construct and evaluate personalized treatment assignment policies. This problem
has been termed the “contextual bandit” problem, since treatment assignments are sensitive to the
“context” (in this case, user characteristics). At first, the problem seems very challenging, because
the space of possible policies is large and complex (each policy maps from user characteristics to
the space of possible treatments). However, if the returns to each of the actions can be estimated
as a function of individual attributes, a policy can be constructed by finding the action whose
return is estimated to be highest, balanced against the need for exploration. Although there are a
number of proposed methods for the contextual bandit problem in the literature already, there is
relatively little known about how to select among methods and which ones are likely to perform
best in practice. For example, the literature on optimal policy estimation suggests that particular
approaches to policy estimation may work better than others.
In particular, there are a variety of choices a researcher must make when selecting a contextual
bandit algorithm. These include the choice of the model that maps user characteristics to expected
outcomes (where the literature has considered alternatives such as Ridge regression (Li et al.,
2010), ordinary least squares (OLS) (Goldenshluger and Zeevi, 2013), generalized linear model
(GLM) (Li et al., 2017), LASSO (Bastani and Bayati, 2015), and random forests (Dimakopoulou
et al., 2017; Feraud et al., 2016)). Another choice concerns the heuristic used to balance exploration
versus exploitation, with leading choices Thompson Sampling and Upper Confidence Bounds (UCB)
Chapelle and Li (2011).
Dimakopoulou et al. (2017) highlights some issues that arise uniquely in the contextual bandit and that relate directly to the estimation issues that have been the focus of the literature on
estimation of treatment effects (Imbens and Rubin, 2015). For example, the paper highlights the
comparison between non-contextual bandits, where there will be many future individuals arriving
with exactly the same context (since they all share the same context), and contextual bandits,
where each unit is unique. The assignment of a particular individual thus contributes to learning
for the future indirectly indirectly, since the future individuals will have different contexts (characteristics). The fact that the exploration benefits the future through a model of how contexts relates
to outcomes changes the problem.
This discussion highlights a further theme for the connection between ML and causal inference:
estimation considerations matter even more in the “small sample” settings of contextual bandits,
where the assumption is that there is not enough data available to the policy maker to estimate
perfectly the optimal assignment. However, we know from the econometrics literature that the
small sample properties of different estimators can vary substantially across settings (Imbens and
Rubin, 2015), making it clear that the best contextual bandit approach is likely to also vary across
settings.

4.4

Robustness and Supplementary Analysis

In a recent review paper, Athey and Imbens (2017) highlights the importance of “supplementary
analyses” for establishing the credibility of causal estimates in environments where crucial assumptions are not directly testable without additional information. Examples of supplementary analyses
include placebo tests, whereby the analyst assses whether a given model is likely to find evidence
of treatment effects even at times where no treatment effect should be found. One type of sup17

plementary analysis is a robustness measure. Athey and Imbens (2015) proposes to use ML-based
methods to develop a range of different estimates of a target parameter (e.g. a treatment effect),
where the range is created by introducing interaction effects between model parameters and covariates. The robustness measure is defined as the standard deviation of parameter estimates across
model specifications. This paper provides one possible approach to ML-based robustness measures,
but I predict that more approaches will develop over time as ML methods become more popular.
Another type of ML-based supplementary analysis, proposed by Athey et al. (2017c), uses MLbased methods to construct a measure of how challenging the confounding problem is in a particular
setting. The proposed measure constructs an estimated conditional mean function for the outcome
as well as an estimated propensity score, and then estimates the correlation between the two.
There is much more potential for supplementary analyses to be further developed; the fact that
ML has well-defined, systematic algorithms for comparing a wide range of model specifications
makes ML well suited for constructing additional robustness checks and supplementary analyses.

4.5

Panel Data and Difference-in-Difference Models

Another commonly used approach to identifying causal effects is to exploit assumptions about how
outcomes vary across units and over time in panel data. In a typical panel data setting, units
are not necessarily assigned to a treatment randomly, but all units are observed prior to some
units being treated; the identifying assumption is that one or more untreated units can be used to
provide an estimate of the counterfactual time trend that would have occurred for the treated units
in the absence of the treatment. The simplest “difference-in-difference” case involves two groups
and two time periods; more broadly, panel data may include many groups and many periods.
Traditional econometric models for the panel data case exploit functional form assumptions, for
example, assuming that a unit’s outcome in a particular time period is an additive function of a
unit effect, a time effect, an independent shock. The unit effect can then be inferred for treated
units in the pre-treatment period, while the time effect can be inferred from the untreated units
in the periods where some units receive the treatment. Note that this structure implies that the
matrix of mean outcomes (with rows associated with units and columns associated with time) has
a very simple structure: it has rank two.
There have been a few recent approaches bringing ML tools to the panel data setting. Doudchenko and Imbens (2016) develop an approach inspired by synthetic controls (pioneered by Abadie
et al. (2010)), where a weighted average of control observations is used to construct the counterfactual untreated outcomes for treated units in treated periods. Doudchenko and Imbens (2016)
propose using regularized regression to determine the weights, with the penalty parameter selected
via cross-validation.
4.5.1

Factor Models and Matrix Completion

Another way to think about causal inference in a panel data setting is to consider a matrix completion problem; Athey et al. (2017a) propose taking such a perspective. In the ML literature, a
matrix completion problem is one where there is an observed matrix of data (in our case, units
and time periods), but some of the entries are missing. The goal is to provide the best possible
prediction of what those entries should be. For the panel data application, we can think of the
units and time periods where the units are treated as the missing entries, since we dont observe
the counterfactual outcomes of those units in the absence of the treatment (this is the key bit of
missing information for estimating the treatment effect).
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Athey et al. (2017a) propose using a matrix version of regularized regression to find a matrix
that well approximates the matrix of untreated outcomes (a matrix that has missing elements
corresponding to treated units and periods). Recall that LASSO regression minimizes sum of
squared errors in sample, plus a penalty term that is proportional to the sum of the magnitudes of
the coefficients in the regression. We propose matrix regression that minimizes the sum of squared
errors of all elements of the matrix, plus a penalty term proportional to the nuclear norm of the
matrix. The nuclear norm is the sum of absolute values of the singular values of the matrix. A
matrix that has a low nuclear norm is well approximated by a low rank matrix.
How do we interpret the idea that a matrix can be well approximated by a low rank matrix? A
low rank matrix can be “factored” into the product of two matrices. In the panel data case, we can
interpret such a factorization as incorporating a vector of latent characteristics of for each unit and
a vector of latent characteristics of each period. The outcome of a particular unit in a particular
period, if untreated, is approximately equal to the inner product of the unit’s characteristics and
the period characteristics. For example, if the data concerned employment at the county level,
we can think of the counties as having outcomes that depend on the share of employment in
different industries, and then each industry has common shocks in each period. So a county’s
latent characteristic would be the vector of industry shares, and the time characteristics would be
industry shocks in a given period.
Athey et al. (2017a) show that the matrix completion approach reduces to commonly employed
techniques in the econometrics literature when the assumptions needed for those approaches hold,
but the matrix completion approach is able to model more complex patterns in the data, while
allowing the data (rather than the analyst) to indicate whether time-series patterns within units,
or cross-sectional patterns within a period, or a more complex combination, are more useful for
predicting counterfactual outcomes.
The matrix completion approach can be linked to a literature that has grown in the last two
decades in time series econometrics on factor models (see, e.g., Bai et al. (2008) for a review). The
matrix factorization approach is similar, but rather than assuming that the true model has a fixed
but unknown number of factors, the matrix completion approach simply looks for the best fit while
penalizing the norm of the matrix. The matrix is well approximated by one with a small number
of factors, but does not need to be exactly represented that way. Athey et al. (2017a) describe a
number of advantages of the matrix completion approach, and also show that it performs better
than existing panel data causal inference approaches in a range of settings.

4.6

Factor Models and Structural Models

Another important area of connection between machine learning and causal inference concerns more
complex structural models. For decades, scholars working at the intersection of marketing and
economics have built structural models of consumer choice, sometimes in dynamic environments,
and used Bayesian estimation to estimate the model, often Markov Chain Monte Carlo. Recently,
the ML literature has developed a variety of techniques that allow similar types of Bayesian models
to be estimated at larger scale. These have been applied to settings such as textual analysis and
consumer choices of, e.g., movies at Netflix. See, e.g., Blei et al. (2003a) and Blei and M. (2012). I
expect to see much closer synergies between these two literatures in the future. For example, Athey
et al. (2017b) builds on models of hierarchical Poisson factorization to create models of consumer
demand, where a consumer’s preference over thousands of products are considered simultaneously,
but the consumer’s choices in each product category are independent of one another. The model
reduces the dimensionality of this problem by using a lower-dimensional factor representation of
a consumer’s mean utility as well as the consumer’s price sensitivity for each product. The paper
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establishes that substantial efficiency gains are possible by considering many product categories in
parallel; it is possible to learn about a consumer’s price sensitivity in one product using behavior
in other products. The paper departs from the pure prediction literature in ML by evaluating
and tuning the model based on how it does at predicting consumer responses to price changes,
rather than simply on overall goodness of fit. In particular, the paper highlights that different
models would be selected for the “goodness of fit” objective as opposed to the “counterfactual
inference” objective. In order to achieve this goal, the paper analyzes goodness of fit in terms of
predicting changes in demand for products before and after price changes, after providing evidence
that the price changes can be treated as natural experiments after conditioning on week effects
(price changes always occur mid-week). The paper also demonstrates the benefits of personalized
prediction, versus more standard demand estimation methods. Thus, the paper again highlights
the theme that for causal inference, the objective function differs from standard prediction.
With more scalable computational methods, it becomes possible to build much richer models
with much less prior information about products. Ruiz et al. (2017) analyzes consumer preferences
for bundles selected from over 5000 items in a grocery store, w ithout incorporating information
about which items are in the same category. Thus, the model uncovers whether items are substitutes
or complements. Since there are 25000 bundles when there are 5000 products, in principle each
individual consumer’s utility function has 25000 parameters. Even if we restrict the utility function
to have only pairwise interaction effects, there are still millions of parameters of a consumer’s
utility function over bundles. Ruiz et al. (2017) uses a matrix factorization approach to reduce the
dimensionality of the problem, factorizing the mean utilities of the items, the interaction effects
among items, and the user’s price sensitivity for the items. Price and availability variation in the
data allows the model to distinguish correlated preferences (some consumers like both coffee and
diapers) from complementarity (tacos and taco shells are more valuable together). In order to
further simplify the analysis, the model assumes that consumers are boundedly rational when they
make choices, and consider the interactions among products as the consumer sequentially adds items
to the cart. The alternative–that the consumer considers all 25000 bundles and optimizes among
them–does not seem plausible. Incorporating human computational constraints into structural
models thus appears to be another potential fruitful avenue at the intersection of ML and economics.
In the computational algorithm for Ruiz et al. (2017), we rely on a technique called variational
inference to approximate the posterior distribution, as well as the technique stochastic gradient
descent (described in detail above) to find the parameters that provide the best approximation.
In another application of similar methodology, Athey et al. (forthcoming) analyzes consumer
choices over lunchtime restaurants using data from a sample of several thousand mobile phone
users in the San Francisco Bay Area. The data is used to identify users typical morning location,
as well as their choices of lunchtime restaurants. We build a model where restaurants have latent
characteristics (whose distribution may depend on restaurant observables, such as star ratings,
food category, and price range), and each user has preferences for these latent characteristics, and
these preferences are heterogeneous across users. Similarly, each item has latent characteristics that
describe users willingness to travel to patronize the restaurant, and each user has individual-specific
preferences for those latent characteristics. Thus, both users willingness to travel and their base
utility for each restaurant vary across user-item pairs. To make the estimation computationally
feasible, we build on the methods of Ruiz et al. (2017). We show that our model performs better
than more standard competing models such as multinomial logit and nested logit models, in part
due to the personalization of the estimates. We demonstrate in particular that our model performs
better when predicting consumer responses to restaurant openings and closings, and we analyze
how consumers re-allocate their demand after a restaurant closes to nearby restaurants versus more
distant restaurants with similar characteristics. Since there are several hundred restaurant openings
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and closings in the data, we are able to use the large number of “natural experiments” in the data to
assess performance of the model. Finally, we show how the model can be used to analyze questions
involving counterfactuals such as what type of restaurant would attract the most consumers in a
given location.
Another recent paper that makes use of factorization in the context of a structural model of
consumer demand is Wan et al. (2017). This paper builds a model of consumer choice that includes
choices over categories, purchases within a category, and quantity to purchase. The model allows
for individual heterogeneity in preferences, and uses factorization techniques to estimate the model.

5

Broader Predictions About the Impact of Machine Learning on
Economics

My prediction is that there will be substantial changes in how empirical work is conducted; indeed,
it is already happening, and so this prediction already can be made with a high degree of certainty.
I predict that a number of changes will emerge, summarized as follows:
1. Adoption of off-the-shelf ML methods for their intended tasks (prediction, classification, and
clustering, e.g. for textual analysis)
2. Extensions and modifications of prediction methods to account for considerations such as
fairness, manipulability, and interpretability
3. Development of new econometric methods based on machine learning designed to solve traditional social science estimation tasks
4. No fundamental changes to theory of identification of causal effects
5. Incremental progress to identification and estimation strategies for causal effects that exploit modern data settings including large panel datasets and environments with many small
experiments
6. Increased emphasis on model robustness and other supplementary analysis to assess credibility
of studies
7. Adoption of new methods by empiricists at large scale
8. Revival and new lines of research in productivity and measurement
9. New methods for the design and analysis of large administrative data, including merging
these sources and privacy-preserving methods
10. Increase in interdisciplinary research
11. Changes in organization, dissemination, and funding of economic research
12. Economist as engineer engages with firms, government to design and implement policies in
digital environment
13. Design and implementation of digital experimentation, both one-time and as an ongoing
process, including “multi-armed bandit” experimentation algorithms, in collaboration with
firms and government
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14. Research on developing high-quality metrics that can be measured quickly, in order to facilitate rapid incremental innovation and experimentation
15. Increased use of data analysis in all levels of economics teaching; increase in interdisciplinary
data science programs
16. Research on the impact of AI and ML on economy
This article has al discussed the first three predictions in some detail; I will now discuss each
of remaining predictions in turn.
First, as emphasized in the discussion about the benefits from using ML, ML is a very powerful
tool for data-driven model selection. Getting the best flexible functional form to fit data is very
important for many reasons; for example, when the researcher assumes that treatment assignment
is unconfounded, it is still crucial to flexibly control for covariates, and a vast literature has documented that modeling choices matter. A theme highlighted in this paper is that ML can be used
any time that semi-parametric methods might have been used in the traditional econometrics literature. However, finding the best functional form is a distinct concern from whether an economic
parameter would be identified with sufficient data. Thus, there is no obvious benefit from ML in
terms thinking about identification issues.
However, the types of datasets that are becoming widely available due to digitization suggest
new identification questions. For example, it is common for there to be frequent changes in algorithms in ecommerce platforms. These changes in algorithms create variation in user experiences
(as well as in seller experiences in platforms and marketplaces). Thus, a typical user or seller may
experience a large number of changes, each of which has modest effects. There are open questions
about what can be learned in such environments. From an estimation perspective, there is also
room to develop ML-inspired algorithms that take advantage of the many sources of variation experienced by market participants. In my 2012 Fisher Schultz lecture, I illustrated the idea of using
randomized experiments conducted by technology firms as instruments for estimating position effects for sponsored search advertisements. This idea has since been exploited more fully by others,
e.g. Goldman and Rao (2014), but many open questions remain about the best ways to use the
information in such datasets.
Digitization is also leading to the creation of many panel datasets that record individual behavior
at relatively high frequency over a period of time. There are many open questions about how to
make the best use of rich panel data. Above, we discussed several new papers at the intersection
of ML and econometrics that made use of panel data (e.g. Athey et al. (2017a)), but I predict that
this literature will grow dramatically over the next few years.
There are many reasons that empiricists will adopt ML methods at scale. First, many ML
methods simplify a variety of arbitrary choices analysts needed to make. In larger and more complex
datasets, there are many more choices. Each choice must be documented, justified, and serves at
a potential source of criticism of a paper. When systematic, data-driven methods are available,
research can be made more principled and systematic, and there can be objective measures against
which these choices can be evaluated. Indeed, it would really be impossible for a researcher using
traditional empirical methods to fully document the process by which the model specification was
selected; in contrast, algorithmic selection (when the algorithm is given the correct objective for
the problem) has superior performance while simultaneously being reproducible. Second, one way
to conceptualize ML algorithms is that they perform like automated research assistants–they work
much faster and more effectively than traditional research assistants at exploring modeling choices,
yet the methods that have been customized for social science applications also build in protections
so that, for example, valid confidence intervals can be obtained. Although it is crucial to consider
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carefully the objective that the algorithms are given, in the end they are highly effective. Thus, they
help resolve issues like “p-value hacking” by giving researchers the best of both worlds–superior
performance as well as correct p-values that take into account the specification selection process.
Third, in many cases, new results can be obtained. For example, if an author has run a field
experiment, there is no reason not to search for heterogeneous treatment effects using methods
such as those in Athey and Imbens (2016). The method ensures that valid confidence intervals can
be obtained for the resulting estimates of treatment effect heterogeneity.
Alongside the adoption of ML methods for old questions, new questions and types of analyses
will emerge in the fields of productivity and measurement. Some examples of these have already
been highlighted, such as the ability to measure economic outcomes at a granular level over a longer
period of time, through, e.g. imagery. Glaeser et al. (2018) provides a nice overview of how big
data and ML will affect urban economics as a field as well as the operational efficiency of cities.
More broadly, as governments begin to absorb high-frequency, granular data, they will need to
grapple with questions about how to maintain the stability of official statistics in a world where
the underlying data changes rapidly. New questions will emerge about how to architect a system
of measurement that takes advantage of high-frequency, noisy, unstable data but yields statistics
whose meaning and relationship with a wide range of economic variables remains stable. Firms
will face similar problems as they attempt to forecast outcomes relevant to their own businesses
using noisy, high-frequency data. The emerging literature in academics, government, and industry
on “now-casting” in macroeconomics (e.g. (Banbura et al., 2013) and ML begins to address some,
but not all, of these issues. We will also see the emergence of new forms of descriptive analysis,
some inspired by ML. Examples of these include techniques for describing association, e.g., people
who do A also do B; as well as interpretations and visualizations of the output of unsupervised ML
techniques such as matrix factorization, clustering, and so on. Economists are likely to refine these
methods to make them more directly useful quantiatively, and for business and policy decisions.
More broadly, the ability to use predictive models to measure economic outcomes at high
granularity and fidelity will change the types of questions we can ask and answer. For example,
imagery from satellites or Google’s street view can be used in combination with survey data to train
models that can be used to produce estimates of economic outcomes at the level of the individual
home, either within the U.S. or in developing countries where administrative data quality can be
problematic (e.g. Jean et al. (2016), Engstrom et al. (2017), Naik et al. (2014)).
Another area of transformation for economics will be in the design and analysis of large-scale
administrative data sets. We will see attempts to bring together disparate sources to provide a
more complete view of individuals and firms. The behavior of individuals in the financial world,
the physical world, and the digital world will be connected, and in some cases ML will be needed
simply to match different identities from different contexts onto the same individual. Further,
we will observe behavior of individuals over time, often with high-frequency measurements. For
example, children will leave digital footprints throughout their education, ranging from how often
they check their homework assignments, the assignments themselves, comments from teachers, and
so on. Children will interact with adaptive systems that change the material they receive based on
their previous engagement and performance. This will create the need for new statistical methods,
building on existing ML tools, but where the methods are more tailored to a panel data setting
with significant dynamic effects (and possibly peer effects as well; see for some recent statistical
advances designed around analyzing large scale network data Ugander et al. (2013), Athey et al.
(2016b), Eckles et al. (2016)).
Another area of future research concerns how to analyze personal data without compromising
user privacy. There is a literature in computer science around querying data while preserving
privacy; the literature is referred to as “differential privacy.” Some recent research has brought
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together the computer science literature with questions about estimating statistical models; see,
e.g., Komarova et al. (2015).
I also predict a substantial increase in interdisciplinary work. Computer scientists and engineers
may remain closer to the frontier in terms of algorithm design, computational efficiency, and related
concerns. As I will expand on further in a moment, academics of all disciplines will be gaining a
much greater ability to intervene in the environment in a way that facilitates measurement and
caual inference. As digital interactions and digital interventions expand across all areas of society,
from education to health to government services to transportation, economists will collaborate with
domain experts in other areas to design, implement, and evaluate changes in technology and policy.
Many of these digital interventions will be powered by ML, and ML-based causal inference tools
will be used to estimate personalized treatment effects of the interventions and design personalized
treatment assignment policies.
Alongside the increase in interdisciplinary work, there will also be changes to the organization,
funding, and dissemination of economics research. Research on large datasets with complex data
creation and analysis pipelines can be labor intensive, and also require specialized skills. Scholars
who do a lot of complex data analysis with large datasets have already begun to adopt a “lab”
model more similar to what is standard today in computer science and many natural sciences. A
lab might include a post-doctoral fellow, multiple Ph.D. students, pre-doctoral fellows (full-time
research assistants between their bachelors and Ph.D.), undergraduates, and possibly full-time staff.
Of course, labs of this scale are expensive, and so the funding models for economics will need to
adapt to address this reality. One concern is inequality of access to resources required to do this
type of research, given that it is expensive enough that it cannot be supported given traditional
funding pools for more than a small fraction of economists at research universities.
Within a lab, we will see increased adoption of collaboration tools such as those used in software
firms; tools include GitHub (for collaboration, version control, and dissemination of software) as
well as communication tools; for example, my generalized random forest software is available as
an open source package on github at http://github.com/swager/grf, and users report issues
through the GitHub, and can submit request to pull in proposed changes or additions to the code.
There will also be an increased emphasis on documenation and reproducibility, which are necessary to make a large lab function. This will happen even as some data sources remain proprietary.
“Fake” data sets will be created that allow others to run a lab’s code and replicate the analysis
(except not on the real data). As an example of institutions created to support the lab model,
both Stanford GSB and the Stanford Institute for Economic Policy Research have “pools” of predoctoral fellows that are shared among faculty; these programs provide mentorship, training, the
opportunity to take one class each quarter, and they also are demographically more diverse than
graduate student populations. The predoctoral fellows have a special form of student status within
Stanford. Other public and private sector research groups have also adopted similar programs, with
Microsoft Research-New England an early innovator in this area, while individual researcheres at
universities like Harvard and MIT have also been making use of predoctoral research assistants for
a number of years.
We will also see changes in how economists engage with government, industry, education, and
health. The concept of the “economist as engineer” promoted by market design experts including
Robert Wilson, Paul Milgrom, and Al Roth (Roth, 2002) and even “economist as plumber” (Duflo,
2017) will move beyond the fields of market design and development. As digitization spreads across
application areas and sectors of the economy, it will bring opportunities for economists to develop
and implement policies that can be delivered digitially. Farming advice, online education, health
information and information, government service provision, government collections, personalized
resource allocation–all of these create opportunities for economists to propose policies, design the
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delivery and implementation of the policy including randomization or staggered roll-outs to enable evaluation, and to remain involved through successive rounds of incremental improvement
for adopted policies. Feedback will come more quickly and there will be more opportunities to
gather data, adapt, and adjust. Economists will be involved in improving operational efficiency of
government and industry, reducing costs, and improving outcomes.
ML methods, when deployed in practice in industry, government, education and health, lend
themselves to incremental improvement. Standard practice in the technology industry is to evaluate
incremental improvements through randomized controlled trials. Firms like Google and Facebook
do 10,000 or more randomized controlled trials of incremental improvements to ML algorithms
every year. An emerging trend is to build the experimentation right into the algorithm, using
“bandit” techniques. As described in more detail above, “multi-armed bandit” is a term for an
algorithm that balances exploration and learning against exploiting information that is already
available about which alternative treatment is best. Bandits can be dramatically faster than standard randomized controlled experiments (see, e.g., the description of bandits on Google’s web site:
https://support.google.com/analytics/answer/2844870?hl=en), because they have a different goal: the goal is to learn what the best alternative is, not to accurately estimate the average
outcome for each alternative, as in a standard randomized controlled trial.
Implementing bandit algorithms requires the statistical analysis to be embedded in the system
that delivers the treatments. For example, a user might arrive at a web site. Based on the user’s
characteristics, a contextual bandit might randomize among treatment arms in proportion to the
current best estimate of the probability that each arm is optimal for that user. The randomization
would occur “on the fly” and thus the software for the bandit needs to be integrated with the
software for delivering the treatments. This requires a deeper relationship between the analyst and
the technology than a scenario where an analyst analyzes historical data “offline” (that is, not in
real time).
Balancing exploration and exploitation involves fundamental economic concepts about optimization under limited information and resource constraints. Bandits are generally more efficient
and I predict they will come into much more widespread use in practice. In turn, that will create
opportunities for social scientists to optimize interventions much more effectively, and to evaluate
a large number of possible alternatives faster and with less inefficiency. More broadly, statistical
analysis will come to be commonly placed in a longer-term context where information accumulates
over time.
Beyond bandits, other themes include combining experimental and observational data to improve precison of estimates (see, e.g., Peysakhovich and Lada (2016)), and making use of large
numbers of related experiments when drawing conclusions.
Optimizing ML algorithms require an objective or an outcome to optimize for. In an environment with frequent and high-velocity experimentation, measures of success that can be obtained
in a short time frame are needed. This leads to a substantively challenging problem: what are
good measures that are related to long-term goals, but can be measured in the short term, and are
responsive to interventions? Economists will get involved in helping define objectives and constructing measures of success that can be used to evaluate incremental innovation. One area of research
that is receiving renewed attention is the topic of “surrogates,” a name for intermediate measures
that can be used in place of long-term outcomes; see, e.g., Athey et al. (2016a). Economists will
also place renewed interest on designing incentives that counterbalance the short-term incentives
created by short-term experimentation.
All of these changes will also affect teaching. Anticipating the digital transformation of industry
and government, undergraduate exposure to programming and data will be much higher than it
was ten years ago. Within 10 years, most undergraduates will enter college (and most MBAs will
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enter business school) with extensive coding experience obtained from elementary through high
school, summer camps, online education, and internships. Many will take coding and data analysis
in college, viewing these courses as basic preparation for the workforce. Teaching will need to
change to complement the type of material covered in these other classes. In the short run, more
students may arrive at econometrics classes thinking about data analysis from the perspective that
all problems are prediction or classification problems. They may have a cookbook full of algorithms,
but little intuition for how to use data to solve real-world problems or answer business or public
policy questions. Yet, such questions are prevalent in the business world: firms want to know
the return on investment on advertising campaigns,2 , the impact of changing prices or introducing
products, and so on. Economic education will take on an important role in educating students
in how to use data to answer questions. Given the unique advantages economics as a discipline
has at these methods and approaches, many of the newly created data science undergraduate
and graduate programs will bring in economists and other social scientists, creating an increased
demand for teaching from empirical economists and applied econometricians. We will also see more
interdisciplinary majors; Duke and MIT both recently announced joint degrees between computer
science and economics. There are too many newly created data science master’s programs to
mention, but a key observation is that while early programs most commonly have emerged from
computer science and engineering, I predict that these programs will over time incorporate more
social science, or else adopt and teach social science empirical methods themselves. Graduates
entering the workforce will need to know basic empirical strategies like difference-in-differences
that often arise in the business world (e.g. some consumers or areas are exposed to a treatment
and not others, and there are important seasonality effects to control for).
A final prediction is that we will see a lot more research into the societal impacts of machine
learning. There will be large-scale, very important regulatory problems that need to be solved.
Regulating the transportation infrastructure around autonomous vehicles and drones is a key example. These technologies have the potential to create enormous efficiency. Beyond that, reducing
transportation costs substantially effectively increases the supply of land and housing in commuting
distance of cities, thus reducing housing costs for people who commute into cities to provide services
for wealthier people. This type of reduction in housing cost would be very impactful for the cost
of living for people providing services in cities, which could reduce effective inequality (which may
otherwise continue to rise). But there are a plethora of policy issues that need to be addressed,
ranging from insurance and liability, to safety policy, to data sharing, to fairness, to competition
policy, and many others. Generally, the problem of how regulators approach algorithms that have
enormous public impact is not at all worked out. Are algorithms regulated on outcomes, or on
procedures and processes? How should regulators handle equilibrium effects, for example, if one
autonomous vehicle system makes a change to its driving algorithms, how is that communicated to
others? How can we avoid problems that have plagued personal computer software, where bugs and
glitches are common following updates? How do we deal with the fact that having an algorithm
used by 1% of cars does not prove it will work when used by 100% of cars, due to interaction
effects?
Another industry where regulation of ML is already becoming problematic is financial services.
Financial service regulation traditionally concerned processes, rules, and regulations. There is not
currently a framework for cost-benefit analysis, or deciding how to test and evaluate algorithms, and
determining an acceptable error rate. For algorithms that might have an effect on the economy,
how do we assess systematic risks? These are fruitful areas for future research as well. And of
2

For example, several large technology companies employ economists with PhD’s from top universities who specialize in evaluating and allocating advertising spend for hundreds of millions of dollars of expenditures; see Lewis
and Rao (2015) for a description of some of the challenges involved.
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course, there are crucial questions about how ML will affect the future of work, as ML is used
across wider and wider swaths of the economy.
We will also see experts in the practice of machine learning and AI collaborate with different
subfields of economics in evaluating the impact of AI and ML on the economy.
Summarizing, I predict that economics will be profoundly transformed by AI and ML. We will
build more robust and better optimized statistical models, and we will lead the way in modifying
the algorithms to have other desirable properties, ranging from protection against over-fitting and
valid confidence intervals, to fairness or non-manipulability. The kinds of research we do will
change; in particular, a variety of new research areas will open up, with better measurement, new
methods, and different substantive questions. We will grapple with how to re-organize the research
process, which will have increased fixed costs and larger scale research labs, for those who can fund
it. We will change our curriculum and take an important seat at the table in terms of educating
the future workforce with empirical and data science skills. And, we will have a whole host of new
policy problems created by ML and AI to study, including the issues experienced by parts of the
workforce who need to transition jobs when their old jobs are eliminated due to automation.

6

Conclusions

It is perhaps easier than one might think to make predictions about the impact of ML on economics,
since many of the most profound changes are well underway. There are exciting and vibrant research
areas emerging, and dozens of applied papers making use of the methods. In short, I believe there
will be an important transformation.
At the same time, the automation of certain aspects of statistical algorithms does not change the
need to worry about the things that economists have always worried about: is a causal effect really
identified from the data; are all confounders measured; what are effective strategies for identifying
causal effects; what considerations are important to incorporate in a particular applied setting;
defining outcome metrics that reflect overall objectives; constructing valid confidence intervals; and
many others. As ML automates some of the routine tasks of data analysis, it becomes all the more
important for economists to maintain their expertise at the art of credible and impactful empirical
work.
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