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M

ajor advances in statistics and computer science in recent years have
yielded increasingly advanced tools in artificial intelligence (AI) and
the subdiscipline of machine learning (ML). ML algorithms are “methods that can automatically detect patterns in data, and then . . . use the
uncovered patterns to predict future data or other outcomes of interest” (Murphy,
2012). The advances in ML coincide with the ever-growing amount of “big data”
collected by government agencies and private companies or voluntarily submitted
by individuals. ML tools are particularly well suited to leverage these big data, automate analyses, and produce results that inform critical decisions.
For these reasons, numerous entities are making enormous investments in ML
and working to rapidly apply ML for a variety of uses. One area of high-impact use
is in informing public policymaking and the design of programs. ML can have a
significant impact on public policy by modeling complex relationships, improving
policy design, augmenting human decisionmaking, and enhancing the speed and
quality of public services (Berryhill et al., 2019). However, ML has the potential for
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and Teredesai, 2018), to inform early identification of atrisk students (Hu and Rangwala, 2020), and to inform
screening and decisionmaking in cases of child maltreatment and other social services (Chouldechova et al., 2018).
Recent advances in ML demonstrate the ability of these
algorithms to learn quickly and to handle complex, strategic processing (Bory, 2019). Many more applications of
these methods, including public policy applications, will
be explored in the future.
Policymakers use scientific evidence to inform their
policy decisions, but until recently, the evidence typically
used by policymakers has been based on small, lagged (or
old) data and relatively slow and/or simple analytic methods (e.g., linear models). However, the actual relationships
between the many variables of interest to policymakers are
often complex (e.g., the many factors and complex interactions that lead to climate change) and might not be accurately reflected in standard, simple models (Mitchell, 2009).
This is why ML algorithms often lead to better-fitting (or
more-accurate) models and predictions (Bell et al., 2022).
ML has the potential to advance public policy
analysis in multiple ways. First, as depicted in Figure 1,
by leveraging the increasing amount of available information, ML has the potential to more accurately predict
policy outcomes, thereby reducing the risks of unintended
consequences (Rasouli and Timmermans, 2014). Also,
with outcome predictions, ML can advance the analysis of
public policy problems by uncovering heterogeneity and
equitably allocating scarce resources to those at greatest
risk of the worst outcomes (Schultz, Lovejoy, and Peet,
2019). Furthermore, ML algorithms can automate data
processes to offer more-rapid predictions that increase the
possibility of early intervention (Ruiz et al., 2019). Finally,

misuse due to overconfidence in its promise and a potential
lack of interpretability. The misuse of ML tools introduces
new dimensions of risk, particularly if the algorithms are
not properly understood.
In this Perspective, we provide an overview of ML
interpretability and how the associated methods and tools
can be used to harness the promise and avoid the potential
perils of ML. We start by defining ML interpretability, then
describe methods that aid interpretation and the characteristics of effective explanations. Finally, we conclude with
recommendations for policymakers.

Promise of Machine Learning in
Public Policy
Already, ML is leading to advances in labor productivity (Damioli, Van Roy, and Vertesy, 2021), human safety
(e.g., autonomous vehicles) (Wang et al., 2020), and other
aspects of society. Included among these other aspects
of society is public policy. The use of ML can play out in
small, local policy decisions as well as at a national policy
scale. For instance, some local governments have begun
to employ ML to examine social media posts regarding
restaurant cleanliness to target health department inspections (Kang et al., 2013). At the national level, governments have begun using ML to assign refugees to locations
based on recent research on refugee integration (Bansak
et al., 2018). ML has also been used to efficiently aggregate
and process various streams of data to support disaster
response (Khatoon et al., 2022), to predict recidivism risk
and inform bail decisions in criminal justice (Dressel and
Farid, 2018; Elyounes, 2020), to predict patient risk of
readmission and other health outcomes (Ahmad, Eckert,
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Peril of Machine Learning in
Public Policy
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The potential promise of ML also comes with trade-offs
that, if not handled properly, can lead to peril. For instance,
overconfidence in how the results of an ML algorithm
would perform in different contexts than those observed
in the data can lead to costly investment losses (Zillow,
2021). More perilously, incorrectly applied and interpreted
ML algorithms can perpetuate structural racial and ethnic
inequities, as has occurred in health care when ML algorithms led to healthier White patients receiving additional
care at the expense of sicker Black patients (Obermeyer
et al., 2019). Similar racial and ethnic and socioeconomic
inequities resulted from the UK Education Department’s
attempt to rescale the inflated grades that occurred during
the pandemic to those of previous years. In this case,
high-achieving students in low-income schools were downgraded to match their schools’ expected outcomes, while
students from affluent private schools kept their inflated
grades because their schools’ sizes were too small to calculate alternative scales (Coyle, 2020). Additionally, when
using ML to recruit new hires, the same biases against
women that exist in the labor force and in labor data can be
perpetuated with inappropriate modeling (such as defining a successful hire with potentially biased measures like
salary) (Florentine, 2018). These and other instances of
ML failures involved overconfidence in the results and the
trade-off between accuracy and interpretability.
Overconfidence might arise from the novelty of ML,
and the belief that these new methods can magically
produce high-quality results without the biases or contextual limitations present in the data. As with any sta-

Relevant data/information, increasing

ML can also advance public policy analysis by leveraging new data from unconventional sources (e.g., social
media, images, and audio) and use nonlinear modeling
to uncover previously unknown and complex relationships (Kino et al., 2021). A more accurate understanding
of complex relationships among the varied stakeholders
involved in public policy has the potential to reveal the
implications of policies, thus informing policymakers’
aims to achieve better, principled, objective, and equitable
policy decisions (Coyle and Weller, 2020).
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different variables. The complexity of the ML models
and their outputs create difficulties with interpretation
of the results and have led ML to gain the moniker black
box—a system whose internal workings are obscured.
This moniker is accompanied by the perception that ML
lacks transparency, accountability, and trustworthiness. A
black box without transparency, accountability, and trustworthiness is particularly problematic in the policy arena,
as policymakers must gain the confidence of the public,
making difficult decisions and providing clear, easy-tounderstand rationales despite the fact that policies might
not benefit all parties.

tistical method, the results are only as good as the inputs.
Although ML methods have demonstrated the promising
ability to rapidly process complex data that is necessary in
policy settings (Bory, 2019), all results reflect the context
and quality of inputs. For instance, in closed systems with
defined boundaries and objectives, such as in the board
game Go, ML has demonstrated promise (DeepMind,
2020). In contrast, when new and different contexts arise,
users might be overconfident in ML results. For instance,
the rapid and unprecedented opioid crisis means that
the historical data used with ML to predict risk of opioid
misuse likely underestimates actual risk (Kilby, 2021).
Public policies are similarly implemented in complex and
continually evolving contexts that might not have historical precedent observed in data.
Another potential peril involves the trade-off between
accuracy and interpretability by those who will act on the
information generated from ML models. ML algorithms
offer the promise of more-accurate predictions by modeling outcomes as an unspecified function of variables.
In cases in which theory or empirical evidence does not
specify how a variable could affect an outcome, ML algorithms can automatically detect whether the variable is
important and the nature of its relationship with the outcome. This ability to focus on the important variables and
capture complex relationships among variables without
an a priori definition offers more flexibility than standard (i.e., linear) methods and can lead to more-accurate
predictions. Even standard statistical methods like linear
models with a small number of variables can be difficult
for humans to interpret without statistical knowledge or
training. ML algorithms magnify the interpretation difficulties with nonlinearities and interactions among many

Harnessing the Promise, Avoiding
the Peril
Although ML algorithms “automatically detect patterns in
data” to enable the analysis of big data and advance areas of
research where standard methods have struggled to understand complex relationships among many variables and
accurately predict outcomes, as with any tool, ML should
be applied only when appropriate (Murphy, 2012). Inappropriately used, black-box ML algorithms could fail in policy
settings by not providing the information needed (such as
for whom, for what, and when the results apply) for robust,
risk-aware decisions.

Interpretability
Information that is trustworthy, transparent, and accountable is needed to make fair, equitable, and risk-aware
policy decisions that have significant implications for those
affected. The goal of interpretable ML is to provide trust4

linear models have straightforward interpretations (e.g., for
each unit increase in variable X, the outcome Y changes by
Z units, if all other factors were held constant). In contrast,
ML models capture nonlinear relationships between variables (e.g., if all other factors were held constant, for each
unit increase in variable X in the range of values A to B, the
outcome Y changes by Z units, and for each unit increase
in X in the range of values C to D, the outcome Y changes
by W units). Cases of diminishing returns are examples of
this, as the impact of X on Y diminishes at higher values
of X. The interpretations are further complicated by the
interactions captured by ML models (e.g., if all other factors were held constant, for each unit increase in variable
X, the outcome Y changes by Z units if S is present; if S is
not present, each unit increase in X changes the outcome Y
changes by V units). ML models can also capture nonlinear
interactions, further complicating the interpretation.
Other important types of information that are
required for ML interpretability are model performance
and additional context. Model performance metrics
describe the accuracy of the model’s predictions. Less
accuracy leads to less trust in the model. Additional context about relevant factors (e.g., geography) and limitations
(e.g., sample representation) might also be necessary for
interpretability and provide guidance for how the results
might apply to other questions.
Information about the data, the model and model
performance, and the additional context are each critically
important for interpreting the results of any analysis. However, while other more standard types of analyses are familiar to audiences, the novelty and complexity of ML algorithms can make their results more difficult to interpret.

worthy, transparent, and accountable information that
leads to greater understanding of the problem and implications of different solutions. However, understanding is
personal and might have different meanings for each audience (Preece et al., 2018). This leads to an air of “I’ll know it
when I see it” around interpretability (Lipton, 2016).
As illustrated in Figure 2, interpretability requires
multiple types of information. The first type of information
required for interpretability is the data. Many of the previously mentioned ML failures could have been avoided with
a better understanding of the data, such as an acknowledgment that the data generated from electronic health records
reflect structural inequities in access.
The next type of information required for interpretability concerns the model. The best models of how an outcome is related to other variables are accurate simplifications of reality. However, models also involve assumptions
and could be biased if the assumptions are wrong. Standard
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Types of Information Required
for Interoperability

Data

A model

Model performance

Machine learning

Additional context

Interpretation

5

Model Interpretability Methods

input variables; they are decomposable because they are
composed of intuitive if-then statements; and they are
transparent because the algorithm operates by minimizing the difference between the model’s prediction and the
observed data. Another example of intrinsically interpretable ML is the deep learning image recognition models
developed by Chen and colleagues, 2019. This ML model
uses prototypical examples from the training data (e.g., if
an object has a beak like the provided examples, then it is
a bird) to classify images. This algorithm is simulatable
and decomposable because of its focus on understanding
the parts of the image that are contributing to the outcome, and it is transparent because it is optimized using a
well-defined approach.

To aid the interpretation of ML models, researchers have
been developing interpretability methods (Arrieta et al.,
2020). These methodological innovations can be used to
convey information so that multiple audiences, including
policymakers, can quickly and easily understand the relationships between variables. These methods can be divided
into two types: (1) those that facilitate intrinsic interpretability and (2) those that facilitate post hoc interpretability.

Intrinsic Interpretability
Intrinsic interpretability means that, by design, the ML
model is constructed to enable a level of interpretability for
certain audiences. For example, some audiences perceive
linear models to be intrinsically interpretable because their
training has taught them the associated statistical theory
and how to understand the model coefficients. However,
ML models are also intrinsically interpretable if they are
(1) simulatable (i.e., a human can contemplate the entire
model at once), (2) decomposable (i.e., each component
of the model has an intuitive explanation or decomposes
into understandable components), and (3) transparent (i.e.,
there is clear documentation with known mathematical
properties) (Lipton, 2016).
As an example of intrinsically interpretable ML, consider the optimal rule list models developed by Angelino
and colleagues, 2017, and Lakkaraju, Bach, and Leskovec,
2016. Rule lists are a set of if-then statements that divide
the input variables into decision trees (e.g., if location =
Eastern United States, then predict average temperature
= 65 degrees F). These rule list models are simulatable
because they focus on the most-easily conceptualized

Post Hoc Interpretability
For nonintrinsically interpretable ML models, an understanding of the model can be achieved using post hoc
interpretability methods. These methods are not incorporated in the model; rather, they require an additional stage
of analysis. Although we describe a few examples here,
there are many other post hoc interpretability methods
(e.g., local interpretable model-agnostic explanations and
accumulated local effects). Each of the methods attempts to
wrestle with the results of the ML model, determining how
they might be applied in certain contexts and what their
limitations are.
Take, for example, the popular random forest ML
model. Random forests are an ensemble ML model (i.e.,
many models combine to predict an outcome) that leverages randomization to create a diverse “forest” of decision
tree models by training a large number of individual tree
models, each on random subsets of the data and each using
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only a random subset of features to learn relationships. The
power of this method is that the diversity obtained through
randomization provides an ability to model complicated
outcomes when averaging across the many trees in a forest.
Random forests are not intuitive and can be very complex.
The results are not intrinsically interpretable, but post hoc
methods that can summarize the results have been developed. For instance, a common post hoc interpretability
method for random forest models describes the variable
importance, or the relative contribution of each variable to
the prediction. Another popular post hoc interpretability
method is the partial dependence plot. In the same way the
coefficients from a linear regression describe how changes
in X affect Y, partial dependence plots describe these relationships but with more complexity. Instead of having one
number summarizing how much Y changes with a oneunit change in X, partial dependence plots visualize the
relationship and allow for nonlinearities (e.g., demand for
winter coats, which is steady for a range of low temperatures until eventually declining as temperature increases).
(See Molnar, 2020, for more details on partial dependence
plots and other post hoc interpretability methods.)

What makes an
explanation of ML effective
is an understanding of
how the information can
be adapted to meet the
needs of the audience.
Evidence from large bodies of research in philosophy,
psychology, and cognitive science describe four characteristics of effective explanations based on how humans communicate, generate, select, evaluate, and ultimately trust
the information they receive. The same characteristics of
trusted human-human communication can be applied to
explanations of ML models. In this Perspective, we describe
effective explanations as (1) conversational, (2) contrastive,
(3) selective, and (4) pragmatic (Miller, 2019).
First, trusted human-human communication is often
conversational. Conversations are a form of communication that can assume some level of misunderstanding (if
everything is already known or understood, why ask?) and
allow for follow-up questions and clarifications (Miller,
2019). Conversations are iterative, including back-andforth dialogue between participants. Conversations allow
for each participant to understand each other better, thus
enabling the adaptation of the message to meet the needs
of the audience. Conversational explanations regarding

Effective Explanations
Explanations should, as shown in Figure 2, describe the
data, model, model performance, and additional context.
In describing the model, both intrinsic and post hoc interpretability methods can be used. However, what makes an
explanation of ML effective is not the specific interpretability methods used. Rather it is an understanding of the
audience and how the information can be adapted to meet
the needs of the audience (Preece et al., 2018).
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Although interpretability involves transparency,
too much transparency can overwhelm, leading to the
model and the results being ignored. For this reason,
trusted human communications are also selective. Selection involves the ability to discuss the complexities of the
methods in layman’s terms, essentially teaching the basics
to those whose expertise lies elsewhere and finding the
right balance of how much information to share (Morrison
et al., 2018). While difficult, is imperative for researchers to
understand and be able to provide intuitive descriptions of
complex ML algorithms. The specific information to share
will vary by audience (e.g., focusing on variables that can
be affected by policy rather than others that might be more
predictive but cannot be changed) and be informed by the
audience’s interaction (another reason for conversational
communication).
People also tend to trust pragmatic explanations.
Explanations that are simple, more broadly applicable
(Lombrozo, 2007), and consistent with prior knowledge
(Thagard, 1989) are more readily accepted than their alternatives. Unfortunately, these preferences do not always
lend themselves to truth. Although simple is preferred,
the truth might be nuanced, complicated, and difficult to
communicate. One way to communicate difficult concepts
is through visualization, which has the ability to translate
abstract concepts—like probabilities—and make them concrete (Berinato, 2016). Several ML interpretability methods,
such as partial dependence plots, offer the opportunity to
visually explain abstract concepts.

ML models might involve multiple modes (e.g., written
reports and interactive presentations) that are iterative and
allow the audience to gradually build their understanding,
receiving information and responding with probes exploring the model’s limitations (Morrison et al., 2018).
Additionally, one of the most important findings in the
philosophical and cognitive science literature is that people
typically ask contrastive questions, exploring why something happened instead of something else. Contrastive
explanations limit the scope of the explanation to understanding the difference among a small number of cases
rather than describing all the causes of the event and their
relative importance (Lipton, 1990). For example, a contrastive question could be, “Why does the model predict that
David, not Mary, will readmit to the hospital within ten
days?” Post hoc interpretability methods, such as partial
dependent plots, can be helpful in addressing contrastive
questions (e.g., “David is more likely than Mary to readmit
to the hospital within ten days because he has a diagnosed
heart condition while she does not”).

Although interpretability
involves transparency, too
much transparency can
overwhelm, leading to the
results being ignored.
8

Recommendations for Public Policy

addressed with forethought and a dramatic revision
of existing data collection efforts to improve quality
(Center for Antiracist Research, 2022). Improving
both the quantity and quality (i.e., completeness
and lack of bias) of data requires coordinated investments to enable data from different sources to be
linked and fill in gaps. However, the return on these
investments could include the uncovering of previously unknown and complex relationships (Kino
et al., 2021), as well as more-rapid and effective
interventions (Ruiz et al., 2019).
• Approach ML expecting interpretability, and be
critical. Policymakers must approach results produced by ML expecting interpretability—that is,
expecting that the researchers can provide information on the data, the model and its performance,
and the additional context (e.g., limitations) that
policymakers need to make robust, risk-aware
decisions. This means that policymaker audiences
should critically assess data quality, modeling
assumptions, and other contextual factors that lead
to the results. In doing so, policymaker audiences
should demand communication with researchers that provides transparent, trustworthy, and
accountable information using conversational, contrastive, selective, and pragmatic communication
(Miller, 2019).
• Leverage interpretable ML to understand policy
values and predict policy impacts. With the promise of more-accurate predictions, interpretable ML
could enable policymakers to better understand
policy impacts prior to implementation (Rasouli
and Timmermans, 2014). Better policy could also

ML’s black-box reputation is not unwarranted; previous
applications of ML have failed (Zillow, 2021) and perpetuated inequities in health care (Obermeyer et al., 2019),
education (Coyle, 2020), and the labor market (Florentine,
2018). These failures came about because of overconfidence in the promise of ML and a lack of interpretability.
However, these failures should not preclude the use of and
improvement in ML for public policy. Careful application of ML as a tool for understanding policy problems
and testing solutions offers the promise of better, moreobjective, and more-equitable policy decisions (Coyle and
Weller, 2020).
Although ML, like all statistical methods, has shortcomings and should not be used inappropriately, the
black-box potential of the methods implies a greater need
for interpretability. The following three recommendations
describe how policymakers can improve, approach, and
leverage interpretable ML to harness its promise and avoid
its potential perils.
• Improve data through coordinated investments.
Understanding the underlying data that will feed
the model, including the reflection of historical
inequities and/or contextual limitations contained
within, is a key element of interpretability. And
because ML is not magic, the results are only ever as
good as the data inputs. Some data limitations can
be addressed with more data (e.g., linking electronic
health records to social service and other records
can provide information about social determinants
of health to health care providers [Schultz, Lovejoy,
and Peet, 2019]). Other data limitations must be
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be achieved by a more-informed allocation of scarce
resources to those to those at greatest risk of the
worst outcomes (Schultz, Lovejoy, and Peet, 2019).
In addition, public policy could be improved by
providing more insights into the implicit weights
received by the various objectives being addressed
by each policy and how the weights of each objective could be revised to improve fairness and equity
(Coyle and Weller, 2020).
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Achieving the promise of ML in public policy depends
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About This Perspective
This Perspective provides an overview of machine learning in informing public policymaking and the design of programs. We describe the
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