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Abstract
There are black box models now being used for high stakes decision-making
throughout society. The practice of trying to explain black box models, rather than
creating models that are interpretable in the first place, is likely to perpetuate bad
practices and can potentially cause catastrophic harm to society. There is a way
forward – it is to design models that are inherently interpretable.
There has been an increasing trend in healthcare and criminal justice to leverage machine learning
(ML) for high-stakes prediction problems that deeply affect human lives. In many of these domains,
practitioners are deploying black box machine-learning models that do not explain their predictions
in a way that humans can understand. The lack of transparency and accountability of a predictive
model can have (and has had already) severe consequences; there have been cases of people wrongly
denied parole [Wexler, 2017], poor bail decisions leading to the release of dangerous criminals,
machine-learning-based pollution models stating that dangerous situations are safe [McGough, 2018]
and generally poor use of limited valuable resources in criminal justice, medicine, energy reliability,
finance, and in other domains.
Rather than trying to create models that are inherently interpretable, there has been a recent explosion
of work on “Explainable ML," where a second (posthoc) model is created to explain the first black
box model. This is problematic. Explanations are often not reliable, and can be misleading, as we
discuss below. If we instead use models that are inherently interpretable, they come with their own
explanations, which are faithful to what the model actually computes.
In what follows, we discuss the problems with Explainable ML, followed by the challenges in Interpretable ML. This document is mainly relevant to high-stakes decision making and troubleshooting
models, which are the main two reasons one might require an interpretable or explainable model.
Interpretability is necessarily defined in a domain-specific way [Freitas, 2014, Kodratoff, 1994,
Huysmans et al., 2011, Rüping, 2006], so there cannot be an all-purpose definition. Usually, however, an interpretable machine learning model is constrained in model form to be either useful to
someone or to obey structural knowledge of the domain, such as monotonicity [see, e.g., Gupta et al.,
2016], causality, structural (generative) constraints, or physical constraints that come from domain
knowledge. Interpretable models can perform case-based reasoning for complex domains. Often
for structured data, sparsity is a useful measure of interpretability, since humans can handle 7±2
cognitive entities at once [Miller, 1956]. Sparse models allow a view of how variables interact jointly
rather than individually. We will discuss several forms of interpretable machine learning models
for different applications below, but there can never be a single definition; e.g., in some domains,
sparsity is useful, and in others is it not. A vast number of papers in the field of applied statistics
are interpretable predictive models. There is a spectrum between fully transparent models (where
we understand how all the variables are jointly related to each other) and models that are lightly
constrained in model form (such as models that are forced to increase as one of the variables increases,
or models that, all else being equal, prefer variables that domain experts have identified as important,
see [Wang et al., 2018b]).
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Figure 1: An imaginary illustration of the accuracy-interpretability tradeoff, taken from the DARPA
XAI BAA.
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Where Problems with Explainable ML Might Arise

A black box model is either a function that is too complicated for any human to comprehend, or
a function that is proprietary; it is a model that is difficult to troubleshoot. Deep learning models,
for instance, tend to be black boxes because they are highly recursive. An explanation is a separate
model (or rule) that is supposed to summarize the behavior of a black box (e.g., “people who have
been delinquent on current credit are more likely to default on a new loan").
Much of the recent work in explainable ML has been performed by people who know very little
about the area of interpretable or comprehensible ML, and whose goal is to produce a conference
paper, rather than to solve a real problem. This field dates back to the early 90’s at least [see Freitas,
2014, Holte, 1993], and there are a huge number of papers on interpretable ML in various fields,
which do not have the word “interpretable" or “explainable" in the title, as the recent papers do.1
This recent work on explainability (rather than interpretability) contains critical misconceptions that
have generally gone unnoticed, but that can have a lasting negative impact on the widespread use of
machine learning models in society. Let us spend some time discussing this before moving onto the
challenges inherent in possible solutions.
(i) It is a myth that there is necessarily a tradeoff between accuracy and interpretability.
There is a widespread belief that more complex models are more accurate, meaning that a complicated
black box is necessary for top predictive performance. However, this is often not true, particularly
when the data naturally have a good representation. Aside from some classic problems in machine
learning, such as image processing, time series (speech), and some natural language processing
tasks, there is often little difference in performance between more complex classifiers (deep neural
networks, boosted decision trees, random forest) and much simpler classifiers (logistic regression,
decision lists) after preprocessing. The application domains where machine learning (in particular
deep learning) have had recent major advances are exemplified by image processing, where the
algorithm must create a latent representation to act as features for learning. In data science problems,
where structured data with meaningful features are constructed as part of the data science process,
there tends to be little difference between algorithms, assuming that the data scientist follows a
standard process for knowledge discovery [such as KDD, CRISP-DM, or BigData, see Fayyad et al.,
1996, Chapman et al., 2000, Agrawal et al., 2012]. 2
Figure 1, taken from the DARPA XAI BAA, exemplifies a blind belief in the myth of the accuracyinterpretability tradeoff. This not a “real" figure, in that it was not generated by any data. The axes
have no quantification (there is no specific meaning to the horizontal or vertical axes). The image
appears to illustrate an experiment with a static dataset, where several machine learning algorithms
are applied to the same dataset. However, this kind of smooth accuracy/interpretability tradeoff is
atypical in data science applications with meaningful features. Even if one were to quantify the
1
Note that there is are a huge number of papers that consider interpretability. Reading only papers that have
the word “interpretable" in the title would leave the reader with only a small tip of a huge iceberg of literature on
this topic.
2
Uninterpretable algorithms can still be useful in high-stakes decisions as part of the knowledge discovery
process. One can use them to obtain baseline levels of performance for instance; thank you to Tom Dietterich for
pointing out that this should be mentioned.
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interpretability axis and aim to show that such a tradeoff did exist, it is not clear what algorithms
would be applied to produce this figure. (Would one actually claim it is fair to compare the 1984
decision tree algorithm CART to a 2018 deep learning model and conclude that interpretable models
are not as accurate?) It is also not clear why the comparison would be performed on a static dataset,
because any formal process for defining knowledge from data [Fayyad et al., 1996, Chapman et al.,
2000, Agrawal et al., 2012] would require an iterative process, where one refines the data processing
after interpreting the results. Generally, in the practice of data science, the small difference between
performance of machine learning algorithms can often be overwhelmed by the ability to interpret
results and process the data better at the next iteration.
Efforts working within a knowledge discovery process led me to work in interpretable machine
learning [Rudin et al., 2010]. This was a large-scale effort to predict electrical grid failures across
New York City. The data were messy, including free text documents (trouble tickets), accounting
data from as far back as the 1890’s, inspections data from a brand new inspections program; even
the structured data were not easily integrated into a database, and there were confounding issues and
other problems. Algorithms on a static dataset were at most 1% different in performance, but the
ability to interpret and reprocess the data led to significant improvements in performance, including
correcting problems with the dataset, and revealing false assumptions about the data generation
process. The most accurate predictors we found were sparse models with meaningful features that
were constructed through the iterative process.
The preconceived belief that there is a tradeoff between accuracy and interpretability has led many
researchers to forgo the attempt to produce an interpretable model. This problem is compounded by
the fact that researchers are now trained in deep learning, but not in interpretable machine learning.
Even for applications such as computer vision, where deep learning has major performance gains,
and where interpretability is much more difficult to define, it may be possible that some forms of
interpretability can be imbued directly into the models without losing accuracy. This will be discussed
more later in the challenges section.
To our knowledge, all recent review and commentary articles on this topic imply (implicitly or
explicitly) that the tradeoff between interpretability and accuracy generally occurs. It could be
possible that there are application domains where a complete black box is required for a high stakes
decision. As of yet, I have not encountered such an application.
(ii) Explainable ML methods provide explanations that are not faithful to what the original
model computes.
An inaccurate explanation model limits trust in the explanation, and by extension, trust in the black
box. An explainable model that has a 90% agreement with the original model indeed explains
the original model most of the time. However, an explanation model that is correct 90% of the
time is wrong 10% of the time. If a tenth of the explanations are incorrect, one cannot trust the
explanations, and thus one cannot trust the original black box. If we cannot know for certain whether
our explanation is correct, we cannot know whether to trust either the explanation or the original
model.
The terminology “explanation" is often used in a misleading way, because explanation models do not
always attempt to mimic the calculations made by the original model. Even an explanation model that
performs almost identically to a black box model might use completely different features, and is thus
not faithful to the computation of the black box. Consider a black box model for criminal recidivism
prediction, where the goal is to predict whether someone will be arrested within a certain time after
being released from jail/prison. Most recidivism prediction models depend explicitly on age and
criminal history, but do not explicitly depend on race. Since criminal history and age are correlated
with race in all of our datasets, a fairly accurate explanation model could construct a rule such as
“This person is predicted to be arrested because they are black." This might be an accurate explanation
model since it correctly mimics the predictions of the original model, but it would not be faithful
to what the original model computes. This is possibly the main flaw identified by criminologists
[Flores et al., 2016] in the Propublica analysis [Angwin et al., 2016, Larson et al., 2016] that accused
the proprietary COMPAS recidivism model of being racially biased. Recidivism prediction will be
discussed more later, as it is a key application where interpretable machine learning is necessary.
An easy fix to this problem is to change terminology. Many of the methods that claim to produce
explanations instead compute useful summaries of predictions made by the original model. Rather
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Cat
Figure 2: Saliency does not explain anything except where the network is looking. We have no idea
why this image is labeled as a cat when considering only saliency. Figure credit: Alexis Cook.
than producing explanations that are faithful to the original model, they show trends in how predictions
are related to the features. Calling these summaries or trends rather than explanations would not be
misleading.3
(iii) Explanations often do not make sense, or are incomplete.
Even if both models are correct (the original black box is correct in its prediction and the explanation
model is correct in its explanation), it is possible that the explanation leaves out so much information
that it makes no sense. I will give an example from image processing, for a low-stakes decision (not
a high-stakes decision where explanations are needed), but where explanation methods are often
demonstrated. Saliency maps are often considered to be explanatory. Saliency maps can be useful to
determine what part of the observation is irrelevant, but this leaves out all information about how
relevant information is being used. Knowing where the network is looking within the image does not
tell the user what it is doing with that part of the image, as illustrated in Figure 2. An unfortunate
trend in recent academic papers is to show only examples of explanations for correctly labeled
observations (e.g., Figure 2 would not appear). This practice can instill a false sense of confidence in
the explanation method and in the black box.
(iv) Black box models are often not compatible in situations where information outside the
database needs to be combined with a risk assessment.
In high stakes decisions, there are often considerations outside the database that need to be combined
with a risk calculation. E.g., what if the circumstances of the crime are much worse than a generic
assigned charge? There are often circumstances whose knowledge could either increase or decrease
someone’s risk. But if the model is a black box, it is very difficult to manually calibrate how much
this additional information should raise or lower the estimated risk. This issue arises constantly;
for instance, the proprietary COMPAS model used in the U.S. Justice System for recidivism risk
prediction does not depend on the seriousness of the current crime [Brennan et al., 2009], the judge is
supposed to somehow incorporate that manually. (It is possible that many judges do not know this
fact. If the model were interpretable, the judge could see this directly.)
Next, we discuss reasons why black box models with separate explanation models would be preferred
over inherently interpretable models, even for high-stakes decisions.
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Where Problems with Interpretable ML Might Arise

There are many cases where explanations are preferred over interpretable models, even for high-stakes
decisions. However, for most applications, I am hopeful that there are ways around some of these
problems, whether they are computational problems, or problems with training of researchers and
availability of code. The first problem, however, is currently a major obstacle that I see no way of
avoiding other than through policy, as discussed in the next section.
(i) Corporations can make profits from the intellectual property afforded to a black box.
Companies that charge for individual predictions would find their profits obliterated if an interpretable
model were used instead.
3

Sometimes summaries (explanations) of models that are already interpretable are still useful. An example is
that of Chen et al. [2018b], who work with publicly-available credit-scoring data provided by FICO.
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Consider the COMPAS proprietary recidivism risk prediction tool discussed above that is in
widespread use in the U.S. Justice System for predicting the probability that someone will be
arrested after their release [Brennan et al., 2009].
The COMPAS model is equally accurate for recidivism prediction as the very simple three rule
interpretable machine learning model involving only age and number of past crimes shown in Figure
3 below. However, there is no business model that would suggest profiting from the simple transparent
model. The simple model in Figure 3 is an interpretable machine learning model. It was built from
a new tool that will be described later in this document. Even though the model looks like a rule
of thumb, it is a full-blown machine learning model. A comparison of the COMPAS and CORELS
models is in Table 1. Standard machine learning tools and interpretable machine learning tools seem
to be approximately equally accurate for predicting recidivism, even if we define recidivism in many
different ways [Zeng et al., 2017, Tollenaar and van der Heijden, 2013], based on predictions of
different types of crimes using many different machine learning methods. This evidence, however,
has not changed the momentum of the justice system towards proprietary models. As of this writing,
California has recently eliminated its cash bail system, instead enforcing that decisions be made by
algorithms; it is unclear whether COMPAS will be the algorithm used for this, despite the fact that it
is not known to be any more accurate than other methods, such as the simple CORELS model.
IF
ELSE IF
ELSE IF
ELSE

age between 18-20 and sex is male
THEN predict arrest (within 2 years)
age between 21-23 and 2-3 prior offenses THEN predict arrest
more than three priors
THEN predict arrest
predict no arrest.

Figure 3: This is a machine learning model from the Certifiably Optimal Rule Lists (CORELS)
algorithm [Angelino et al., 2018]. This model is the minimizer of a special case of Equation 1
discussed later in the challenges section. CORELS’ code is open source and publicly available at
http://corels.eecs.harvard.edu/, along with the data from Florida needed to produce this model.
COMPAS
Black box
130+ factors
Might include socio-economic info
Expensive (software license),
within software used in US Justice System

CORELS
Figure 3
only age, priors, (optional) gender
no other information
free, transparent

Table 1: Comparison of COMPAS and CORELS models. Both models have similar true and false
positive rates and true and false negative rates on data from Broward County, Florida.
As a side note, typographical errors seem to be common in computing COMPAS, which sometimes
determine bail decision outcomes [Wexler, 2017]. This, unfortunately, is a drawback of using black
box models for recidivism prediction, and is a type of procedural unfairness, whereby two individuals
who are identical might be randomly given different parole or bail decisions.4
COMPAS is not a machine learning model. It was designed by experts based on carefully designed
surveys and expertise, and it does not seem to depend heavily on past criminal history [Rudin et al.,
2018]. Interestingly, if the model were not proprietary, its documentation [Brennan et al., 2009]
indicates that it is actually an interpretable predictive model. Revealing this model, however, would
be revealing a trade secret.
Let us switch examples to consider the proprietary machine learning model by BreezoMeter, used by
Google during the California wildfires of 2018, which predicted air quality as “good – ideal air quality
for outdoor activities," when air quality was dangerously bad according to multiple other models
[McGough, 2018], and people reported their cars covered in ash. The Environmental Protection
Agency’s free, vigorously-tested air quality index would have provided a reliable result [Mannshardt
4
In addition to the news articles on this topic, I have received multiple emails from individuals stating that
these miscalculations have cause their own parole to be denied. Thank you to one of these individuals for
informing me about California’s recent decision to end cash bail in favor of algorithms.
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and Naess, 2018]. How could BreezoMeter’s machine learning method be so badly wrong and put
so many in danger? We will never find out, but BreezoMeter, who has probably made a profit from
making these predictions, may not have developed this new technology if its models were forced to
be transparent.
In medicine, there is a trend towards blind acceptance of black box models, which will open the
door for companies to sell more models to hospitals. An example of where this can go wrong is
given by Zech et al. [2018], who noticed that their neural network was picking up on the word
“portable" within an xray image, rather than the medical content of the image. If they had used an
interpretable model, or even an explainable model, this issue would never have gone unnoticed. Zech
et al. [2018] pointed out the issue of confounding generally; in fact, the plague of confounding haunts
a vast number of datasets, and particularly medical datasets. This means that proprietary models for
medicine can have serious errors.
The examples of COMPAS, Breezometer, and black box medical diagnosis all illustrate a problem
with the business model for machine learning. In particular, there is a conflict of responsibility in the
use of black box models for high-stakes decisions: the people who profit from these models are not
necessarily the same people affected by their outcomes. In that sense, these are some of the same
types of problems leading to the financial crisis in the U.S. of 2008.
(ii) Interpretable models can entail significant effort to construct, in terms of both computation
and domain expertise.
As discussed above, interpretability usually translates in practice to a set of application-specific
constraints on the model. Solving constrained problems is generally harder than solving unconstrained
problems. Domain expertise is needed to construct the definition of interpretability for the domain,
and the features for machine learning. For data that are unconfounded, complete, and clean, it is much
easier to use a black box machine learning method than to troubleshoot and solve computationally
hard problems. However, for high-stakes decisions, analyst time and computational time is (or should
be) worth less relative to the quality of predictions than for other applications; it is worthwhile to put
the extra effort and cost into constructing a high-quality model. But even so, many organizations do
not have analysts who have the training or expertise to construct interpretable models at all.
Some companies have started to provide interpretable ML solutions using proprietary software. While
this is a step in the right direction, it is not clear that the proprietary software is better than publicly
available software. 5
As discussed earlier, interpretability constraints (like sparsity) lead to problems that have been proven
to be computationally hard in the worst case. The theoretical hardness of these problems does not
mean we cannot solve them in real cases, but these optimization problems are often difficult to
solve. Major improvements have been made in the last decade, and some are discussed later in the
challenges section. Explanation methods, on the other hand, are usually based on derivatives, which
lead to easier gradient-based optimization.
Other reasons for preferring black boxes include the belief that they “uncover" hidden patterns in the
data. However, it is not clear that a transparent model would not also uncover these same patterns,
but in a transparent way.

3

A Concrete Proposal for Responsible ML Policy

Currently the Generalized Data Protection Regulation and other AI regulation plans govern “right
to an explanation," where only an explanation is required, not an interpretable model [Goodman
and Flaxman, 2016]. It is not clear whether the explanation is required to be accurate, complete, or
faithful to the underlying model.
Let us consider a concrete proposal moving forward. In particular we propose to govern that, for
high-stakes decisions, no black box should be used if there exists an interpretable model with the
same level of performance. Companies that produce and sell black box models could then be held
5
For instance, claims made by some companies about performance of their proprietary algorithms are not
impressive (e.g., Interpretable AI), and have not been compared with appropriate baselines. Some companies
(e.g., Diveplane) do not make performance claims and provide no information about their products.

6

accountable if an equally accurate transparent model exists. The onus will then fall on companies to
produce black box models only when no transparent model exists for the same task.
This proposal will not solve all problems, but it could at least rule out companies selling recidivism
prediction models, possibly credit scoring models, and other kinds of models where we can construct
accurate interpretable models. If applied too broadly, it could reduce industrial participation in cases
where it might benefit society.
As mentioned earlier, I have not yet found a high-stakes application where a fully black box model is
necessary, despite having worked on many applications. As long as we continue to allow for a broad
definition of interpretability that is adapted to the domain, we should be able to improve decision
making for serious tasks of societal importance. However, in order for people to design interpretable
models, the technology must exist to do so. As discussed earlier, there is a formidable computational
hurdle in designing interpretable models, even for standard structured data with already-meaningful
features.

4

Challenges in Interpretable ML and New Technology

What if every black box machine learning model could be replaced with one that was equally accurate
but also interpretable? If we could do this, we would identify flaws in our models and data that we
could not see before. Perhaps we could prevent some of the poor decisions in criminal justice and
medicine that are caused by problems with using black box models. We could also eliminate the need
for explanations that are misleading and often wrong.
Since interpretability is domain-specific, a large toolbox of possible techniques can come in handy.
Below we expand on three of the challenges for interpretable machine learning that appear often. All
three cases have something in common: people have been providing interpretable predictive models
for these problems for decades, and the human-designed models look just like the type of model we
want to create with machine learning. I also discuss some of our current work on these well-known
problems.
By no means is this set of challenges close to encompassing the large number of domain-specific
challenges that exist in creating interpretable models.
Challenge #1: Constructing optimal logical models
A logical model consists of statements involving “or," “and," “if-then," etc. The CORELS model
provided in Figure 3 is a logical model, called a rule list. Decision trees are logical models, as well
as conjunctions of disjunctions (“or’s" of “and’s" – for instance, IF condition A is true OR conditions
B AND C are true, THEN predict yes, otherwise predict no).
Logical models have been crafted by hand as expert systems as far back as the 1970’s. Since then,
there have been many heuristics for creating logical models; for instance, one might add logical
conditions one by one (greedily), and then prune conditions away that are not helpful (again, greedily).
These heuristic methods tend to be either inaccurate or uninterpretable because they do not choose a
globally best choice for the logical conditions [C4.5 and CART decision trees are an example, Quinlan,
1993, Breiman et al., 1984, as well as a vast number of models from the associative classification
literature]. We would like models that look like they are created by hand, but they need to be accurate,
full-blown machine learning models.
Let us consider the following optimization problem, which asks us to find a model that minimizes
a combination of the fraction of misclassified training points, and the size of the model. Training
observations are indexed from i = 1, .., n, and F is a family of logical models such as decision trees.
The optimization problem is:
!
n
1X
min
1[training observationi is misclassified by f ] + λ × size(f ) .
(1)
f ∈F
n
i=1

Here, the size of the model can be measured by the number of logical conditions in the model, such
as the number of leaves in a decision tree. The parameter λ is the classification error one would
sacrifice in order to have one fewer term in the model; if λ is 0.01, it means we would sacrifice 1%
7

training accuracy in order to reduce the size of the model by one. Another way to say this is that the
model would contain an additional term only if this additional term reduced the error by at least 1%.
The optimization problem in (1) is generally known to be computationally hard. Versions of this
optimization problem are some of the fundamental problems of artificial intelligence. The challenge
is whether we can solve problems like this in practical ways, by leveraging new theoretical techniques
and advances in hardware.
The model in Figure 3 is a machine learning model that comes from the CORELS algorithm [Angelino
et al., 2018]. CORELS solves a special case of (1), for the special choice of F as the set of rule
lists, and where the size of the model is measured by the number of rules in the list. Figure 3 has
three “if-then" rules so its size is 3. In order to minimize (1), CORELS needs to avoid enumerating
all possible models, because this would take an extremely long time (perhaps until the end of the
universe on a modern laptop for a fairly small dataset). The technology underlying the CORELS
algorithm was able to solve the optimization problem to optimality in under a minute for the Broward
County, FL, dataset discussed above. CORELS’ backbone is: (i) a set of theorems allowing massive
reductions in search space of rule lists, (ii) a custom fast bit-vector library that allows fast exploration
of the search space, so that CORELS does not need to enumerate all rule lists, and (iii) specialized
data structures that keep track of intermediate computations and symmetries. This set of ingredients
proved to be a powerful cocktail for handling these tough computational problems.
The example of CORELS enforces two points discussed above, which are, first, that interpretable
models entail hard computational problems, and second, that these computational problems can be
solved by leveraging a combination of theoretical and systems-level techniques. CORELS creates
one type of logical model. However, there are many more. Formally: the first challenge is to
create algorithms that solve logical modeling problems in a reasonable amount of time, for practical
datasets.
We have been extending CORELS to more complex problems, such as Falling Rule Lists [Wang and
Rudin, 2015, Chen and Rudin, 2018], and optimal binary-split decision trees, but there is much work
to be done on other types of logical models, with various kinds of constraints.
Challenge #2: Construct optimal sparse scoring systems
Scoring systems have been designed by hand since at least the Burgess criminological model of
1928 [Burgess, 1928]. This model was designed to predict whether a criminal would violate bail,
where individuals received points for being a “ne’er do well" or a “recent immigrant" that increased
their predicted probability of parole violation. (Of course, this model was not created using machine
learning.) A scoring system is a sparse linear model with integer coefficients – the coefficients are
the point scores. An example of a scoring system for criminal recidivism is shown in Figure 4,
which predicts whether someone will be arrested within 3 years of release. Scoring systems are used
pervasively throughout medicine; there are hundreds of scoring systems developed by physicians.
Again, the challenge is whether these models – which look like they could have been produced by a
human – can be produced by a machine learning algorithm, and be as accurate as any other model
from any other machine learning algorithm.
There are several ways to formulate the problem of producing a scoring system. For instance, we
could use a special case of (1), where the model size is the number of terms in the model. (Figure 1
is a machine learning model with 5 terms.) Sometimes, one can round the coefficients of a logistic
regression model to produce a scoring system, but that does not tend to give accurate models, and
does not tend to produce models that have particularly nice coefficients (such as 1 and -1 used in
Figure 4). However, solving (1) or its variants is computationally hard, because the domain over
which we solve the optimization problem is the integer lattice.6
The model in Figure 4 is from the solution to a very hard optimization problem. Let us discuss this
optimization problem
P briefly. The goal is to find the coefficients bj , j = 1...p for the linear predictive
model f (z) = j bj zj where zj is the jth covariate of a test observation z. In Figure 1, the bj ’s
are the point scores, which turned out to be 1, -1, and 0 as a result of optimization, where only the
6

To see this, consider an axis for each of {b1 , b2 , ..., bp }, where each bj can take on integer values. This is a
lattice that defines the feasible region of the optimization problem.
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Figure 4: Scoring system for risk of recidivism from Rudin and Ustun [2018] [which grew out of
Ustun and Rudin, 2017, Zeng et al., 2017, Ustun and Rudin, 2015]. This is not a rule of thumb; the
selection of numbers and features come from machine learning.
nonzero coefficients are displayed in the figure. In particular, we want to solve:



p
n
X
X
X
1
log 1 + exp −
bj xi,j  + λ
1[bj 6=0] ,
min
b1 ,b2 ,..,bp ∈{−10,−9,...,9,10} n
i=1
j=1
j
where the point scores bj are constrained to be integers between -10 and 10, the training observations
are indexed by i = 1, ..., n, and p is the total number of covariates for our data. Here the model size is
the number of non-zero coefficients, and again λ is the tradeoff parameter. The first term is the logistic
loss used in logistic regression. The problem is a hard problem, specifically a mixed-integer-nonlinear
program (MINLP) whose domain is also the integer lattice.
Despite the hardness of this problem, new cutting plane algorithms have been able to solve this
problem to optimality for arbitrarily large sample sizes and a moderate number of variables within a
few minutes. The latest attempt at solving this problem is the RiskSLIM (Risk-Supersparse-LinearInteger-Models) algorithm, which is a specialized cutting plane method that adds cutting planes
only whenever the solution to a linear program is integer-valued, and otherwise performs branching.
[Ustun and Rudin, 2017].
This optimization problem is similar to what physicians attempt to solve manually, but without
writing the optimization problem out like we did above. Because physicians do not use optimization
tools to do this, accurate scoring systems tend to be difficult for physicians to create themselves.
One of our collaborators spent months trying to construct a scoring system himself by adding and
removing variables, rounding, and using other heuristics to decide which variables to add, remove,
and round. RiskSLIM was useful for helping him with this task [Ustun et al., 2017]. Formally,
the second challenge is to create algorithms for scoring systems that are computationally efficient.
Ideally we would increase the size of the optimal scoring system problems that current methods can
practically handle by an order of magnitude.
Challenge #3 Define interpretability for specific domains and create methods accordingly,
including computer vision
Since interpretability is necessarily defined in a domain specific way, the most important problem
areas for the future may be tied to specific important domains. Let us start with computer vision, for
classification of natural images. There is a vast and growing literature on posthoc explainability of
deep neural networks, but not as much work in designing interpretable neural networks. My goal
in this section is to demonstrate that even for classic domains of machine learning, where latent
representations of data need to be constructed, that there could exist more interpretable models that
are as accurate as black box models.
For computer vision in particular, there is not a clear definition of interpretability, and the sparsityrelated models discussed above do not apply – sparsity on pixel space does not make sense. There
can be many different ideas of what constitutes interpretability, even between different computer
vision applications. However, if we can define interpretability somehow for our particular application,
we can embed this definition into our algorithm.
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Figure 5: Image from Chen et al. [2018a], indicating that parts of the image are similar to prototypical
parts of training examples. The test image to be classified is on the left, the most similar prototypes
are in the middle column, and the heatmaps that show which part of the test image is similar to the
prototype are on the right. We included copies of the test image on the right so that it is easier to
see what part of the bird the heatmaps are referring to. The similarities of the prototypes to the test
image are what determine the predicted class label of the image. Here, the image is predicted to be a
clay-colored sparrow.

Again, let us define what constitutes interpretability for any domain by considering how people
explain to each other the reasoning processes behind complicated visual classification tasks. As it
turns out, for classification of natural images, domain experts often direct our attention to different
parts of the image and explain why these parts of the image were important in their reasoning process.
The question is whether we can construct network architectures for deep learning that can also do
this. The network must then make decisions by reasoning about these parts of the image so that the
explanations are real, and not posthoc.
In a recent attempt to do this, Li et al. [2018], Chen et al. [2018a] have been building architectures that
append a special prototype layer to the end of the network. During training, the prototype layer finds
parts of training images that act as prototypical parts of images. For instance, for bird classification, it
might pick out a prototypical head of a blue jay, prototypical feathers of a blue jay, etc. The network
also learns a similarity metric between parts of images. Thus, during testing, when a new image
needs to be evaluated, the network finds parts of the test image that are similar to the prototypical
parts it learned during training, as shown in Figure 5. The final class prediction of the network is
based on the weighted sum of similarities to the prototypes; this is the sum of evidence throughout
the image for a particular class. The explanations given by the network are the prototypes (and the
weighted similarities to them).
Training this prototype network is not as easy as training an ordinary neural network; the tricks that
have been developed for regular deep learning have not yet been developed for the prototype network.
However, so far these prototype networks have been trained to be as accurate as the original black
box deep neural networks before the prototype layer was added.
Let us finish this short discussion on challenges to interpretability for specific domains by mentioning
that there are vast numbers of papers that have imbued interpretability in their methodology. Interpretability is not mentioned in the title of these papers, and often not in the body of the text. This
is why it is almost impossible to create a review article on interpretability in machine learning or
statistics without missing the overwhelming majority of it. For instance, Gallagher et al. [2017]
analyze brain-wide electrical spatiotemporal dynamics to understand depression vulnerability and find
interpretable patterns in a low dimensional space. Dimension reduction to interpretable dimensions
is an important theme in interpretable machine learning. Problems residing in applied statistics are
often interpretable because they embed the physics of the domain; e.g., Wang et al. [2018a] create
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models for recovery curves for prostatectomy patients whose signal and uncertainty obey specific
constraints in order to be realistic. Constraints on the uncertainty of the predictions make these
models interpretable.

Conclusion
If this whitepaper can shift the focus even slightly from the basic assumption underlying most work
in Explainable ML – which is that a black box is necessary for accurate predictions – we will have
considered this document a success.
If this document can encourage policy makers not to accept black box models without significant
attempts at interpretable (rather than explainable) models, that would be even better.
If we can make people aware of the current challenges right now in interpretable machine learning,
it will allow policy-makers the mechanism to demand that more effort should be made in ensuring
safety and trust in our machine learning models for high-stakes decisions.
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