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Abstract
Supervised machine learning models boast re-
markable predictive capabilities. But can you
trust your model? Will it work in deployment?
What else can it tell you about the world? We
want models to be not only good, but inter-
pretable. And yet the task of interpretation ap-
pears underspecified. Papers provide diverse and
sometimes non-overlapping motivations for in-
terpretability, and offer myriad notions of what
attributes render models interpretable. Despite
this ambiguity, many papers proclaim inter-
pretability axiomatically, absent further explana-
tion. In this paper, we seek to refine the dis-
course on interpretability. First, we examine the
motivations underlying interest in interpretabil-
ity, finding them to be diverse and occasionally
discordant. Then, we address model properties
and techniques thought to confer interpretability,
identifying transparency to humans and post-hoc
explanations as competing notions. Throughout,
we discuss the feasibility and desirability of dif-
ferent notions, and question the oft-made asser-
tions that linear models are interpretable and that
deep neural networks are not.

1. Introduction
As machine learning models penetrate critical areas like
medicine, the criminal justice system, and financial mar-
kets, the inability of humans to understand these mod-
els seems problematic (Caruana et al., 2015; Kim, 2015).
Some suggest model interpretability as a remedy, but few
articulate precisely what interpretability means or why it is
important. Despite the absence of a definition, papers fre-
quently make claims about the interpretability of various
models. From this, we might conclude either that the defi-
nition of interpretability is universally agreed upon or that
the term interpretability is ill-defined. Our investigation of
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the literature suggests the latter to be the case. Both the
motives for interpretability and the technical descriptions
of interpretable models are diverse and occasionally dis-
cordant, suggesting that interpretability refers to more than
one concept. In this paper, we seek to clarify both, suggest-
ing that interpretability is not a monolithic concept, but in
fact reflects several distinct ideas. We hope, through this
critical analysis, to bring focus to the dialog.

Here, we consider supervised learning but not other ma-
chine learning paradigms, such as reinforcement learning
and interactive learning. This scope derives from our orig-
inal interest in the oft-made claim that linear models are
preferable to deep neural networks on account of their in-
terpretability (Lou et al., 2012). To gain conceptual clarity,
we ask the refining questions: What is interpretability and
why is it important? Broadening the scope of discussion
seems counterproductive with respect to our aims. For re-
search investigating interpretability in the context of rein-
forcement learning, we point to (Dragan et al., 2013) which
studies the human interpretability of robot actions.

To contextualize any definition of interpretability, we first
consider the motives that it addresses (expanded in §2).
Many papers motivate interpretability as a means to engen-
der trust (Kim, 2015; Ridgeway et al., 1998). But what pre-
cisely is trust? Some equate trust with understanding while
others equate trust with confidence in a model’s accuracy
(Ribeiro et al., 2016). If trust connotes understanding, we
still must ask, to what aspect of machine learning does it
apply? Do we seek understandable features, parameters,
models, or training algorithms?

Often, our machine learning problem formulations are im-
perfect matches for the real-life tasks they are meant to
solve. This can happen when simplified optimization ob-
jectives fail to capture our more complex real-life goals.
Consider medical research with longitudinal data. Our real
goal may be to discover potentially causal associations, as
with smoking and cancer (Wang et al., 1999). But the opti-
mization objective for most supervised learning models is
simply to minimize error.

Another such divergence of real-life and machine learning
problem formulations emerges when the off-line training
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data for a supervised learner is not perfectly representative
of the likely deployment environment. For example, the
environment is typically not stationary. This is the case for
product recommendation, as new products are introduced
and preferences for some items shift daily. In more ex-
treme cases, actions influenced by a model may alter the
environment, invalidating future predictions.

Discussions of interpretability sometimes suggest that hu-
man decision-makers are themselves interpretable because
they can explain their actions (Ridgeway et al., 1998). But
precisely what notion of interpretability do these expla-
nations satisfy? They seem unlikely to clarify the mech-
anisms or the precise algorithms by which brains work.
Nevertheless, the information conferred by an interpreta-
tion may be useful. Thus one purpose of interpretations
may be to convey useful information of any kind.

We then consider what properties of models might ren-
der them interpretable (expanded in §3). Some equate in-
terpretability with understandability or intelligibility (Lou
et al., 2013), i.e., that we can grasp how the models
work. In these papers, understandable models are some-
times called transparent, while incomprehensible models
are called black boxes. But what constitutes transparency?
We might look to the algorithm itself. Will it converge?
Does it produce a unique solution? Or we might look to its
parameters: do we understand what each represents? Al-
ternatively, we could consider the model’s complexity. Is it
simple enough to be examined all at once by a human?

Other papers investigate so-called post-hoc interpretations.
These interpretations might explain predictions without
elucidating the mechanisms by which models work. Ex-
amples of post-hoc interpretations include the verbal ex-
planations produced by people or the saliency maps used
to analyze deep neural networks. Thus, humans possess
post-hoc interpretability despite being black boxes (non-
transparent), revealing a contradiction between two popular
notions of interpretability.

2. Motives for Interpretability
The desire for an interpretation presupposes that predic-
tions alone do not suffice. This implies a discrepancy be-
tween our real-world objectives and the simple objectives
optimized by most machine learning models. Typically, we
train models to achieve strong predictive power, optimiz-
ing simple objectives such as accuracy or AUC. However,
these objectives can be weak surrogates for the real-world
goals of machine learning practitioners. This tension can
arise when our real world objectives are difficult to en-
code as simple real-valued functions. For example, an al-
gorithm for making hiring decisions should simultaneously
optimize productivity, ethics, and legality. But ethics and

legality don’t admit direct optimization. The problem can
also arise when the dynamics of the deployment environ-
ment differ from the training environment. Thus interpre-
tations serve those objectives that we deem important but
struggle to model formally.

Trust: Some papers motivate interpretability by sug-
gesting it to be prerequisite for trust (Kim, 2015; Ribeiro
et al., 2016). But what is trust? Is it simply confidence
that a model will perform well? If so, a sufficiently ac-
curate model should be demonstrably trustworthy and in-
terpretability would serve no purpose. Trust might also
be defined subjectively. For example, a person might feel
more at ease with a well-understood model, even if this
understanding served no obvious purpose. Alternatively,
when the training and deployment objectives diverge, trust
might denote confidence that the model will perform well
with respect to the real objectives and scenarios. For exam-
ple, consider a model used to allocate police officers. We
may trust the model to predict accurately but not to respect
ethics or legality. Or in the case of self-driving cars, we
might not trust them to respond appropriately in unforeseen
situations.

Causality: Although supervised learning models are only
optimized directly to make associations, we might use them
to infer properties or generate hypotheses about the natural
world. For example, a simple regression model could re-
veal a strong association between thalidomide use and birth
defects or smoking and lung cancer (Wang et al., 1999).
Any association discovered by supervised models might
not be causal. There could always exist unobserved causes
responsible for both associated variables. However, inter-
pretations yielded by supervised learning models can yield
hypotheses that scientists could then test experimentally.

Transferability: Typically we choose training and test data
by randomly partitioning examples from the same distribu-
tion. We then judge a model’s generalization error by the
gap between its performance on train and test data. How-
ever, humans exhibit a far richer capacity to generalize,
transferring learned skills to unfamiliar situations. We al-
ready use machine learning algorithms in situations where
such abilities are required, such as when the environment
is non-stationary. We also deploy models in settings where
their use might alter the environment, invalidating their fu-
ture predictions. Along these lines, Caruana et al. (2015)
describe a model trained to predict probability of death
from pneumonia that assigned less risk to patients if they
also had asthma. In fact, asthma was predictive of lower
risk of death. This owed to the more aggressive treatment
these patients received. But if the model were deployed
to aid in triage, these patients would then receive less ag-
gressive treatment, invalidating the model. Even worse, we
could imagine situations, like machine learning for secu-
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rity, where the environment might be actively adversarial.
Consider the recently discovered susceptibility of convo-
lutional neural networks (CNNs) to adversarial examples.
The CNNs were made to misclassify images that were im-
perceptibly (to a human) perturbed (Szegedy et al., 2013).
Of course, this isn’t overfitting in the classical sense. The
results achieved on training data generalize well to i.i.d. test
data. But these are mistakes a human wouldn’t make and
we would prefer models not to make these mistakes either.

Informativeness: Sometimes machine learning doesn’t di-
rectly take actions, but instead provides assistance to hu-
man decision makers, a setting considered by Kim et al.
(2015); Huysmans et al. (2011). While the machine learn-
ing objective might be to reduce error, the real-world pur-
pose is to provide useful evidence. An interpretation may
satisfy this purpose, even without shedding light on the
model’s inner workings. For example, a diagnosis model
might provide intuition to a human decision-maker by
pointing to similar cases in support of a diagnostic decision.
In some cases, we train a supervised learning model, but
our real task more closely resembles unsupervised learn-
ing. That is, our real goal is to explore the data and the
objective might serve only as weak supervision.

3. Properties of Interpretable Models
We now consider model properties proposed either to en-
able or to comprise interpretations. These broadly fall into
two categories. The first relates to transparency, i.e., how
does the model work? The second consists of post-hoc in-
terpretations, i.e., what else can the model tell me?

3.1. Transparency

Informally, transparency is the opposite of opacity or
blackbox-ness. and connotes the understandability of the
model. We consider transparency at the level of the entire
model, at the level of individual components (e.g. parame-
ters), and at the level of the training algorithm.

Simulatability: In the strictest sense, we might call a
model transparent if a person can contemplate the entire
model at once. In other words, a human could take the in-
put data together with the parameters of the model and in
reasonable time step through every calculation required to
produce a prediction. While the quantity denoted by rea-
sonable seems subjective, this ambiguity can only span a
couple orders of magnitude. Few would suggest that a
human could contemplate a thousand parameters at once,
but most could simulate a linear model with 20 parameters.
Thus, simulatability connotes low computational complex-
ity. In this light, neither linear models nor rules, nor deci-
sion trees are intrinsically interpretable. Sufficiently high-
dimensional models, unwieldy rule lists, and deep decision

trees are no more interpretable than deep neural networks.

Decomposability: A second and less strict notion of trans-
parency might be that each part of the model - each input,
parameter, and calculation - admits an intuitive explana-
tion. This accords with the property of intelligibility as de-
scribed by (Lou et al., 2012). For example, each node in
a decision tree might correspond to a plain text descrip-
tion (e.g. all patients with diastolic blood pressure over
150). Similarly, the parameters of a linear model could
be described as representing strengths of association be-
tween each feature and the label. This notion of inter-
pretability requires that inputs themselves be individually
interpretable, disqualifying some models with highly engi-
neered or anonymous features. While this notion is popu-
lar, we shouldn’t accept it blindly. The weights of a linear
model might seem intuitive, but they can be fragile with
respect to feature selection. For example, associations be-
tween flu risk and vaccination can be positive or negative
depending on whether the feature set includes indicators of
old age, infancy, and immunodeficiency.

Algorithmic Transparency: A final notion of trans-
parency might apply at the level of the algorithm, even
absent the ability to mentally simulate a model or to in-
tuit the meaning of its components. For example, in the
case of linear models, we understand the shape of the er-
ror surface. We can prove that training will converge to a
unique solution, even for previously unseen datasets. On
the other hand, modern deep learning methods lack algo-
rithmic transparency. While the heuristic optimization pro-
cedures for neural networks are demonstrably powerful,
we don’t understand how they work, and at present can-
not guarantee a priori that they will work on new problems.
Note, however, that humans exhibit none of these forms of
transparency.

3.2. Post-hoc Interpretability

A distinct model-based notion of interpretability, post-hoc
interpretations consist of explanations that need not eluci-
date the exact process by which models work. These in-
terpretations include natural language explanations, visual-
izations of learned representations or models, and explana-
tions by example (e.g. this tumor is classified as malignant
because to the model it looks a lot like these other tumors).
To the extent that we might consider humans to be inter-
pretable, it is this sort of interpretability that applies. For
all we know, the processes by which we humans make de-
cisions and those by which we explain them may be dis-
tinct. One advantage of this concept of interpretability is
that we can interpret opaque models after-the-fact, without
sacrificing predictive performance.

Text Explanations: Humans often justify decisions ver-
bally. Similarly we might imagine training one model to
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generate predictions and a separate model, such as a re-
current neural network language model, to generate an ex-
planation. Already, the representations learned by neural
network image classifiers have been co-opted to generate
captions. These captions might be regarded as interpreta-
tions that accompany classifications. In a less anthropo-
morphic approach, McAuley & Leskovec (2013) use text
to explain the decisions of a latent factor model by training
topic models on product reviews using normalized latent
factors as topic distributions. The predictions are then ex-
plained via the top words in the topics corresponding to the
latent factors signaling user-item compatibility. Note that
this interpretation is not fully post-hoc because the topic
model is incorporated into the training procedure. Also,
note that the practice of interpreting topic models by pre-
senting the top words is itself a post-hoc interpretation that
has invited scrutiny (Chang et al., 2009).

Visualization: Another common approach to generating
post-hoc interpretations is to render visualizations, hint-
ing at what a model has learned. A popular approach for
deep neural nets, saliency maps compute gradients of pre-
dictions with respect to inputs, rendering the gradient as
an image (Simonyan et al., 2013). While this doesn’t say
precisely how a model works, it conveys which image re-
gions the current classification depends upon most heavily.
Another popular approach is to visualize high-dimensional
distributed representations with t-SNE (Van der Maaten &
Hinton, 2008), a technique that renders 2D visualizations
in which nearby data points are likely to appear close to-
gether. Mordvintsev et al. (2015) attempt to explain what
an image classification network has learned by altering the
input through gradient descent to enhance the activations
of certain nodes selected from the hidden layers. An in-
spection of the perturbed inputs can give clues to what the
model has learned.

Explanation by Example: One post-hoc mechanism for
explaining the decisions of a model might be to report (in
addition to predictions) which other examples the model
considers to be most similar, a method suggested by Caru-
ana et al. (1999). After training a deep neural network or la-
tent variable model for a discriminative task, we then have
access not only to predictions but also to the learned repre-
sentations. Then, for any example, in addition to generating
a prediction, we can use the activations of the hidden layers
to identify the k-nearest neighbors based on the proximity
in the space learned by the model. This sort of explanation
by example has precedent in how humans sometimes jus-
tify actions by analogy. Doctors for example, often refer
back to case studies.

4. Discussion
The concept of interpretability appears simultaneously im-
portant and slippery. Earlier, we analyzed both the moti-

vations for interpretability and the attempts of the research
community to confer it. In this discussion, we consider the
implications of our analysis and offer several takeaways to
the reader.

Linear models are not strictly more interpretable than
deep neural networks: Despite this claims’ enduring pop-
ularity, its truth content varies depending on what notion
of interpretability we employ. With respect to algorithmic
transparency, this claim seems uncontroversial, but given
high dimensional or heavily engineered features, linear
models lose simulatability or decomposability respectively.
Considering simulatability, large-scale linear models may
be just as opaque as deep neural networks. However, for
post-hoc interpretability, deep neural networks exhibit a
clear advantage, learning rich representations that could be
visualized, verbalized, or used for clustering. Consider-
ing the motivations for interpretability, linear models ap-
pear to have a better track record for studying the natural
world and for identifying weaknesses in training data, but
we do not know of a theoretical reason why this must be so.
Conceivably, post-hoc interpretations could prove useful in
both scenarios.

Claims about interpretability must be qualified: As
demonstrated above, the term does not reference a mono-
lithic concept. To be meaningful, any assertion regarding
interpretability should fix a specific definition. If the model
satisfies a form of transparency, this can be shown directly.
For post-hoc interpretability, papers ought to fix clear a mo-
tivation and demonstrate evidence that the offered form of
interpretation satisfies it.

In some cases, transparency may be at odds with the
broader objectives of AI: Arguments against black-box
algorithms might preclude any model that could match or
surpass our abilities on complex tasks. As a concrete ex-
ample, the short-term goal of building trust with doctors by
developing transparent models might clash with the longer-
term goal of improving health care. We should be careful
when giving up predictive power, that the desire for trans-
parency is justified and isn’t simply a concession to institu-
tional biases against new methods.

Post-hoc interpretations can potentially mislead: We
also caution against blindly embracing post-hoc notions of
interpretability, especially when optimized to placate sub-
jective demands. In such cases, one might inadvertently op-
timize an algorithm to present misleading but plausible ex-
planations. As humans, we are known to engage in this be-
havior, as evidenced in hiring practices and college admis-
sions. Several journalists and social scientists have demon-
strated that acceptance decisions attributed to virtues like
leadership or originality often disguise racial or gender dis-
crimination (Mounk, 2014). In the rush to gain acceptance
for machine learning and to emulate human intelligence,
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we should be careful not to reproduce pathological behav-
ior at scale.

Future Work: We see several promising directions for
future work. First, for some problems, the discrepancy
between real-life and machine learning objectives could
be mitigated by developing richer objectives and perfor-
mance metrics. Exemplars of this direction include re-
search on sparsity-inducing regularizers and cost-sensitive
learning. Second, we can expand this analysis to other
ML paradigms such as reinforcement learning. Reinforce-
ment learners can address some (but not all) motivations for
interpretability by directly modeling interaction between
models and environments. However, this capability may
come at the cost of allowing models to experiment in the
world, incurring real consequences.
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