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Abstract

The use of rigorous ethological observation via machine
learning techniques to understand brain function (compu-
tational neuroethology) is a rapidly growing approach that is
poised to significantly change how behavioral neuroscience
is commonly performed. With the development of open-
source platforms for automated tracking and behavioral
recognition, these approaches are now accessible to a wide
array of neuroscientists despite variations in budget and
computational experience. Importantly, this adoption has
moved the field toward a common understanding of
behavior and brain function through the removal of manual
bias and the identification of previously unknown behavioral
repertoires. Although less apparent, another consequence
of this movement is the introduction of analytical tools that
increase the explainabilty, transparency, and universality of
the machine-based behavioral classifications both within
and between research groups. Here, we focus on three
main applications of such machine model explainabilty tools
and metrics in the drive toward behavioral (i) standardiza-
tion, (i) specialization, and (i) explainability. We provide a
perspective on the use of explainability tools in computa-
tional neuroethology, and detail why this is a necessary next
step in the expansion of the field. Specifically, as a possible
solution in behavioral neuroscience, we propose the use of
Shapley values via Shapley Additive Explanations (SHAP)
as a diagnostic resource toward explainability of human
annotation, as well as supervised and unsupervised
behavioral machine learning analysis.
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Introduction

Ethology, the study of behavior and social organization
from a biological perspective, is a central tenant of
modern behavioral neuroscience research. Invariably,
ethological observation and analysis is plagued by the
significant effort and time required to manually anno-
tate complex behavior. These careful efforts are rewar-
ded, however, by the ability to identify and categorize
common behaviors in model species, as well as variations
due to disease or experimental perturbation. This ability
is an integral component of behavioral model repro-
ducibility and extendibility. More recently, there has
been a concerted effort to combine these ethological
observations with machine learning—based approaches
for automated behavioral classification, in combination
with the study of brain function, under the umbrella of
computational neuroethology [1].

The combination of automated classification with
ethological analysis circumvents several issues inherent
to manual annotation, namely observer drift and bias,
long analysis times, and poor inter-rater-reliability both
within and between research groups [1—3]. Frame-by-
frame behavioral analysis also allows for the acquisition
of behavioral annotation with sampling frequencies and
accuracies that match modern neural recording and
manipulation techniques. Thus far, machine learning
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algorithms have uncovered previously unknown behav-
ioral repertoires in model organisms and have confirmed
and extended foundational assumptions of ethology
through the incorporation of neural data [4—6].

With the increased adoption of new open-source plat-
forms for automated behavioral classification, machine
learning techniques are now accessible to a wide array of
behavioral neuroscience labs despite variations in budget
and computational experience. A major advantage of
these machine learning approaches is the identification
of behavioral latent motifs—the individual behavioral
components that make up a gestalt behavioral definition.
The machine learning models that predict these motifs
and behaviors can be shared between and iterated on by
research groups to develop a common understanding of
behavior. In this current opinion we focus on three main
consequences of this last statement, and their applica-
tions toward behavioral neuroscience (Figure 1).

First, despite repeated calls by researchers for more
transparent and operationalized reporting [7,8] and an
equally strong edict by the National Institutes of Health
(NIH) in the form of enhanced reproducibility through
rigor and transparency [9], behavioral neuroscience has
yet to enter a ‘golden era’ of behavioral definition
standardization. Pragmatically, it is common for obser-
vational behavioral metrics to be reported as loose sub-
jective definitions within a sentence or two in the

Figure 1

methods. More recently, predominantly because of
journals adopting the NIH rigor and reproducibility
standards, observational behavioral metrics are reported
with more objective operationalized definitions
including information regarding a behavior’s timing,
transitions, and constraints. Despite these efforts,
however, the challenges of manual behavioral annotation
inherently prevent consistent use and transfer of oper-
ationalized behavior definitions. Here, we propose that
the widespread adoption of machine learning—based
automated behavior classification will circumvent
issues inherent to manual annotation, allowing for more
standardized behavioral definitions both within and
across research groups. More specifically, we highlight
the importance of developing and reporting explain-
ability metrics when using these tools.

Second, while the standardization of assays and behav-
ioral definitions is considered integral to reproducibility,
studying underlying mechanisms often and seemingly
paradoxically requires deviation from standardized
behavioral procedures. Indeed, with the use of increas-
ingly complex neural recording and manipulation
methods, there is an equal need to repeat that “the
neural basis of behavior cannot be properly characterized
without first allowing for independent detailed study of
the behavior itself” [10]. Although it is pragmatically
attractive to operationally define a standardized
behavior as a proxy for its neural correlates and control,
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Enhancing the rigor of behavioral analysis through explainability metrics. SHapley Additive exPlanations (SHAP) is an open-source explainability platform
under continuous development by the Al field. SHAP has several advantages for computational neuroethology, including promoting standardized
behavioral definitions, providing objective and specific metrics of changes in behavior between groups, and in increasing the transparency of unsu-

pervised clustering results.
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this can introduce bias when expanding a study popu-
lation. The need for extensions of standardized behav-
iors are highlighted by recent observations considering
sex as a biological variable in stress-related procedures,
which have revealed, for example, that female rats
demonstrate ‘darting’, a novel active fear-coping
behavior not typically seen in males [11], while female
California mice show increased social vigilance [12].
Similarly, driven by technological considerations, the
transition from head-fixed neural recording to freely
moving neural recording has identified divergent
mechanisms between the same constrained or uncon-
strainted behaviors [13]. Questioned directly, as neural
data increase in fidelity and size and as behavioral pro-
cedures become more specialized, how can the field of
behavioral neuroscience ensure accurate reporting of
these behavioral procedures in a way that ensures
reproducibility? The need for behavioral specialization
is at odds with the movement toward more generalized
standardization - but aligns well with approaches in
machine learning explainability.

Third, to negate the above concerns, significant effort
has been spent developing unsupervised approaches for
behavioral analysis that may be especially suited for
identifying previously unnoticed behavioral motifs in
model species. However, these unsupervised models are
often opaque, and users cannot readily determine the
reasoning that guides their decisions. In commercial
sectors, such a lack of transparency is unacceptable by
both end users and regulatory agencies. 'To retain sci-
entific rigor and reproducibility, behavioral neuroscience
should be at the forefront of demanding transparency via
explainable models when possible, or via post-hoc
explainability methods when black-box models cannot
be avoided.

Here, we propose the adoption of Shapley values using
Shapley Additive Explanations (SHAP) as an open-
source resource for the explainability of human anno-
tation as well as supervised and unsupervised behavioral
classification results in preclinical behavioral neurosci-
ence. We present several examples of the utility for
using Shapley values within the context of the above
three concerns. Shapley values are, of course, only one
possible solution, and we provide a summary of alter-
natives that can be used when adopting both supervised
and unsupervised machine learning into the analytical
portfolio of behavioral neuroscience labs.

A brief machine learning primer

Before diving into the details of explainability, trans-
parency, and universality, a brief primer on machine
learning provides valuable context (See Box 1). First,
critically, accurate behavioral classification requires
equally accurate and precise animal tracking data.
"Typically, frame-by-frame positional data are obtained
via 2D or 3D pose estimation [14—18], algorithms such

as optical flow [19], or histograms of oriented gradients
[20]. The fields of pose estimation and video tracking
are rapidly expanding and beyond the scope of this
article (but see Refs. [21,22] for excellent reviews on
the state of the field). Ultimately, it is important for
users to understand that with any machine learning
application, the quality of the input (tracking and video
annotations) directly impacts the quality of the output.
The adage ‘garbage in, garbage out’ is especially accurate
in this case. Significant improvements to accessibility
and use of open-source software have occurred in the
last several years ensuring that users, with care and
validation, can generate consistently acceptable pose-
estimation models using open-source tools. Once qual-
ity tracking has been obtained, users can move on to
using machine learning algorithms that typically fall into
supervised or unsupervised classes, which can be used
entirely separately or in combination for different
analytical purposes.

Supervised machine learning techniques are often suf-
ficient for basic behavioral analysis, and can more simply
tell researchers when and how often a predefined
behavior of interest is occurring. For each individual
frame of a video, users provide the algorithm with (2)
many calculated features (i.e., nose to nose distance),
and (#) the ‘answer’ as to whether the behavior of in-
terest is occurring. Different supervised methods such
as support vector machines, random forests, and
gradient boosting machines then look for mathematical
rules which best delineate the features of negative
versus positive frames. For more detailed explanations of
their application, there are numerous reviews avail-
able [1,2,23].

When using unsupervised techniques, users provide no
‘answer’ for the algorithm, but rather set rules for sim-
ilarities and differences within the data. The art of
tuning these hyperparameters can be difficult, and
generally requires a deeper knowledge of statistics and
the models being used. When wielded correctly, unsu-
pervised algorithms output different clusters (which can
be adjusted to consist of individual frames or entire
behavioral bouts). Researchers then select and look at
several examples from each cluster to try to establish
definitions that differentiate the clusters behaviorally.
Importantly, users must be careful to tune hyper-
parameters based on objective metrics like realistic
physiological parameters, to prevent any biases
regarding expected behaviors and predictions that fall
outside of explainable reasoning.

These efforts are championed by the burgeoning field of
Explainable Artificial Intelligence (XAI), which calls for
the use of explainable methods for both high- and low-
stakes decision-making. Succinctly, XAl proposes that
if a model lacks validation, or if a greater understanding
of how a model works is required, XAl provides tools to
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Box 1. Definitions of interest (indicated with bold italic in main text).

Term

Description

Coalition game

Counterfactual

Deterministic vs stochastic

Ensemble model

Entropy and Gini impurity

Feature battery

Feature classes

Feature value

Interpretability calculation

Model decisions

Permutation importance

Shapley additivity axiom

Shapley value

Solution concept

Coalition game theory deals with situations where the outcome is known,
and rules dictate how actors interacted to achieve the outcome, and how
the proceeds of the game should be divided amongst the actors. In the
context of machine learning, the outcome is the models’ decision, and
the actors are the features.

The minimum change within a feature value that produces an alternative
decision by a machine learning model.

Stochastic algorithms produce different results when implemented twice
on the same data set. Deterministic algorithms give the same results
when implemented twice on the same data set. Stochasticity is favorable
on larger data sets and is present in most prevalent machine learning
techniques in behavioral neuroscience (e.g. decision trees, deep neural
networks). Algorithm stochasticity can typically be reduced by increasing
the number of observations (i.e. behavior events). Stochastic methods
may be considered disadvantages in regulated settings, as the same
algorithm can produce different outcomes for the same observation
when implemented twice.

The grouping of multiple learning algorithms. The individually weak
learning algorithms are combined to create a strong or accurate
behavior classification (e.g. random forest algorithm).

Measurements that evaluate the randomness of target labels after a
feature split. For example, if the behavior of interest requires a minimum
velocity, features that measure body-part velocities will decrease
entropy and impurity and be concluded to have greater importance for
accurate classification.

Numerical measurements that together describe the activities and
morphologies of the actor(s) in video frames. A battery can be composed
of several hundred values that represent data from both a single video
frame (e.g. the volume or rotation of an actor) and aggregate data that
include preceding video frames (e.g. the velocity or path of a body-part).

A subgroup of features in the feature battery that measure similar activities
or morphologies in the video frame. For example, two values that
represent the velocities of two different body-parts both belong to a class
of velocity features.

A single metric value representing a feature in a feature battery. For
example, a feature value can be the millimeter distance between two
body-parts.

A calculation which attempts to make the machine’s decision processes
understandable for humans. An interpretability calculation can provide a
numerical output that makes the decision on a single video frame
interpretable (also referred to as ‘local interpretability’ or ‘explainability’),
or an aggregate output that make the decisions on all video frames
interpretable (also referred to as ‘global interpretability’).

The final output of a machine learning model. A classifier decision may be
presented as a single value, or a vector of values, ranging between
0 and 1. For example, the probabilities that a behavior is present in an
image or that a body-part exists in different parts of an image are model
decisions.

The decrease in model performance when the values associated with a
feature are randomly shuffled.

Dictates that the explanation algorithms’ output value relates to the
decision value. Within a decision tree ensemble algorithm, the additivity
axiom ensures that the grand total contribution of a feature is the sum of
its contribution to each tree.

In machine learning, Shapley values is a method for summarizing the
cooperation and contribution of the features to the model decision.

Formal rules within game theory that dictate the strategies of the players to
produce rational game outcomes.
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let you do so. Recent reviews provide detailed expla-
nations of the predominant concepts and challenges
within the XAl field [24—29]. Here, we will focus our
discussion on explainability methods that are either
intrinsic (built into the model) or applied post-hoc, and
we define ‘explainable’ as how readily users can under-
stand the relationship between feature values and the
model’s decisions.

Critically, the principles of behavioral neuroscience are
not changed by the incorporation of these concepts and
techniques. While most of these algorithms were not
designed with the field in mind, great strides have been
made to modify canonical machine learning tools for use
in ethology. Common principles of behavioral design
remain—training sets should consist of individuals from
cach experimental group, and training a classifier on the
behavior of a very small number of animals will not
provide a generalizable model. Just as machine learning
algorithms rely on good tracking data, they also rely on
solid experimental design with construct and predictive
validity toward the biology they are examining. More
specifically and pragmatically, as more labs begin
adopting machine learning tools for behavioral classifi-
cation, we note the opportunity to set a precedent for
the incorporation of accessible explainability metrics.

Looks can be deceiving

A scientific approach solicits face, construct, and pre-
dictive validity within its methods and results [30]. In
pose-estimation and behavior classification, face and
predictive validity are immediately achieved through
intuitive visualizations with overlays and other perfor-
mance metrics, while construct validity typically is not a
requisite. Construct validity is essential, however, as the
models and human observers may study different fea-
tures to reach the same conclusion. For example,
behavioral classification models can be sensitive to
minor perturbations in experimental set-ups between
training and testing (changes in animal sizes, age, sex,
bedding material, presence/absence of experimental
equipment such as head stages, wires, and operant
modules). Explainability metrics can be used as a diag-
nostic tool to identify confounding variables and avoid
such pitfalls a priori.

Tools for transparency and explainability

The use of XAl is rapidly expanding through the inclu-
sion of both inherently explainable algorithms [24] and
post-hoc explainability methods [31,32]. Here, we
support the use of post-hoc explainability methods for
computational neuroethology in behavioral neurosci-
ence due to their relative simplicity of use, flexibility,
and generalizability to diverse platforms. Primarily,
despite a decade of calls for increased training, only
~15% of neuroscience graduate programs in the United
States require computational coding courses [33—37].

Within the field of behavioral neuroscience, this gener-
ally functionally translates into the development of
machine learning platforms that are lab specific. Second,
once a platform is created and has face validity there is
little incentive—or funding support—to further
develop and incorporate explainable algorithms. Opti-
mally, newly developed platforms should be created
with inherent explainability in mind. Functionally,
incorporation of post-hoc explainability methods that do
not require de-novo platform development are more
likely to be widely adopted within the field.

Explainability methods aim to provide accurate and
verbalizable accounts for how known feature wvalues
contribute to model decisions. The output from explain-
ability calculations enable researchers to communicate
and compare the results of disparate classifiers and
supports experimenters in making informed decisions
for machine model implementation and use. Interpret-
ability is an active and emergent research area, and
several initiatives in academic and commercial sectors
are focused on devising new algorithms. These initia-
tives focus primarily on explaining decisions, promoting
human/Al interactions, and the user’s ability to evaluate
and improve the trustworthiness and generalizability of
different models.

Explainability methods can be deterministic or have
gradations  of  stochasticity, and provide local
(e.g. individual video frames) and/or global explanations
(aggregate feature weights within a model). The
methods may be algorithm-specific or agnostic, and be
intrinsic to the model or require additional processing.
The core methodologies of most interpretability ap-
proaches will nevertheless seem familiar to experimen-
talists: features undergo some class of iterative ablation
or permutations, the change in performance after such
manipulation is evaluated, and the manipulation’s
impact is succinctly summarized [38]. How the per-
mutation is performed, evaluated, and summarized dif-
fers between methods with varying relatedness to
human processes and intuition for complex out-
comes [39].

Although the advancement of behavior research may
necessitate divergent experimental protocols and
computational methods, any practical explainability
methods obligate a certain level of cross-lab standardi-
zation. The most meaningful explainability metrics
would also provide intuitive information on strength,
directionality, and potentially linear and non-linear re-
lationships between the known feature values and
model decisions at the level of individual observations.
Meaningful explanations in behavioral science also
strongly benefit from methods that are ubiquitously
used, transparent, and open source. Accessible explain-
ability methods also compute feature contributions in
ways that agree with human intuition. Recent XAl
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Shapley value explainable artificial intelligence pipeline for behavioral neuroscience. (a) Many automated behavior analysis platforms rely on pose estimation
data from raw video as input, followed by the calculation of feature batteries based on the position of animals within and across frames. (b) These feature
batteries are used as input to supervised machine learning algorithms, which output a probability score of the behavior of interest occurring in a specific video
frame. (c) The contribution of the different features values toward the output probability score can be decomposed post-hoc into a verbalizable description.
For example, features measuring animal lengths may contribute to an increase in the behavior classification probability, while features measuring animal

velocities contributes to a decrease the classification probability of the same behavior. Shapley values ensures that the combined description of all feature

contributions is accurate, rational, and related to the final classification probability through its additivity and efficiency axioms.
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Adapting SHAP to behavioral neuroscience. Standardization in behavioral neuroscience remains elusive, and labs may differ in pose estimation tech-
niques as well as specific features that they calculate per video frame. Despite these differences, binning features into broader feature categories allows

for the direct comparison of these classifiers across labs.

methods achieve this by exploiting solution concepts from
collaborative game theory, using axioms defined by fair
and rational payoffs in N-person games [38]. The axioms
vary by solution concept, but some are more desirable
and generally accepted within the context of machine
learning classification. For example, it may be desir-
able that:

(i) Features with identical effects on classification
probabilities are assigned identical importance
scores (symmetry),

(i1) Features without effect on classification probabili-
ties are allocated zero importance (null or dummy
features),

(iii) The contribution of a feature within an ensemble
model should equal the sum of its contributions to
each model in the ensemble (additivity), and

(iv) The grand total of feature contributions should
equal the grand total of the model output
(efficiency).

The Shapley value is a solution concept that uniquely
satisfies these rules [40] and is, therefore, an appealing
tool for understanding and presenting explainability
metrics within machine learning applications.

In brief, the Shapley value is a coalition game theoretical
approach for fairly distributing the proceeds of a game to
its players. To understand the contribution of feature X
in a machine learning model, the output of a model
involving features § is subtracted from the output of a

model involving features § + X. This calculation is
subsequently repeated for all possible permutations of
features in the model. Feature X is subsequently allo-
cated the proceeds according to its contribution within
each model permutation. The Shapley value holds
theoretical properties that can make interpretations
readily understandable, including additivity among fea-
tures in relation to a model’s prediction. This is known
as the Shapley additivity axiom.

Shapley values are a method for presenting intuitive
explainability metrics while maintaining agnosticism to
the model’s structure. Its use in machine learning,
however, has been prohibited by its computational costs;
calculating Shapley values for all feature permutations
necessitates exponential time and unfeasible runtimes
for even smaller data set. However, through a suite of
approximation algorithms, the SHAP library [27] per-
forms Shapley value calculations using model agonistic
approaches (KernelSHAP), tree-based models (Tree-
SHAP [41]), linear models (LinearSHAP), deep neural
networks (DeepSHAP [32]) in polynomial time making
it accessible to machine learning applications and
behavioral neuroscience. The optimal SHAP algorithm
is determined by the input model; TreeSHAP, Linear-
SHAP and DeepSHAP are optimized for decision trees,
linear model, and neural networks, respectively, while
KernelSHAP remain model agnostic.

Shapley values in behavioral analysis
Computational developments [42—44] have made it
possible to efficiently calculate comprehensive feature
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batteries for accurate and generic machine learning
pipelines in behavioral neuroscience. Within such
generic applications, feature batteries are comprised of
hundreds of keypoint-to-keypoint metric distances,
angles, and movement velocities and path tortuosities in
various temporal and spatial windows. At this resolution,
individual feature values have limited relevance for
explaining human annotator conduct and classification
probabilities, and presenting feature explainability
metrics for each individual feature does not make the
model’s decisions explainable.

Here, the Shapley value additivity axiom can help make
model decisions more explainable (Figure 2). Before the
evaluation of individual feature contributions for a
binary behavioral classifier, there are two known values.
First, we know the average probability (expected value)
that the behavior is occurring in a video frame. For
example, the expected value is 5% if the behavior was
annotated as present in 5% of the video frames used to
create the classifier. Second, we also know the outcome
prediction for an individual frame. For example, the
model predicts that the behavior is present, in a previ-
ously unseen frame, with 85% probability. When using
TreeSHAP and Shapley values, the difference between
these two numbers (the owutcome probability minus the

expected value equals 80%) is attributed to the combina-
tion of feature values, and this difference value is
distributed among the features according to their
contribution within the ensemble. The Shapley value
output in this example is a vector which length equals
the number of features, and which sum equals 80.

To increase interpretability and universality of Shapley
values representing a given supervised classification
model, we can collapse Shapley value contributions of
features that measure similar, general, and often colinear
characteristics of the behavior of interest into inter-
pretable biologically based categories while maintaining
consistency and accuracy. To understand random forest
classifiers, we propose the aggregation of Shapley values,
for example derived from the open-source TreeSHAP
package, into different behavioral classes and sampling
frequency sub-classes (Figure 3). In Figure 3, for
example, we have selected classes and sampling fre-
quencies for explaining supervised predictions of com-
plex social behavior in two interacting mice. Ultimately,
these classes and sampling frequencies are dictated by
the selection of model organism and behaviors of in-
terest. The opportunity to bin feature importance scores
into user-defined superordinate classes—while main-
taining explainability—is a result of the mathematically

Figure 4
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Supervising the unsupervised. Current methods for understanding unsupervised clusters are subjective—namely watching clustered bouts and trying to
find and describe the differences. SHAP provides the opportunity for an objective description of feature differences contributing to cluster alignment via

the creation and analysis of supervised classifiers for each cluster.
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proven Shapley value additivity and efficiency axioms
[40]. These axioms ensure that whichever Shapley
values are collapsed, their aggregated grand total is a
valid and interpretable representation of their combined
contribution within the classification scenario. This
attribute is appealing for behavioral neuroscience use-
cases, and other experimental scenarios, that require a
high-degree of flexibility.

Importantly, the use of these categories ensures that
classifiers that target the same behavior, but use
different feature sets, can be directly compared. A
common reason that classifiers use different feature sets
is a consequence of the initial pose-estimation scheme
selected by experimenters. For example, two research
groups interested in the same behavior may use pose-
estimation schemes that identify 5 versus 8 body
parts, respectively, due to their experimental needs;
regardless, by binning their classification features within
the same biologically determined classes and sampling
frequencies, the use of Shapley values allows for direct
comparisons between their classifiers.

We argue that explainability scores, such as Shapley
values, can address several general concerns pertaining
both supervised machine classifications and human an-
notations in behavioral neuroscience settings.

(i) As Shapley values can be used in a generalized
manner, without needing identical pose-estimation
key-points or feature sets, they provide a quantifi-
able, rather than qualitative, description of an
operationalized behavioral definition that can be
used across labs, institutes, and annotators.

(i1) Shapley values may reveal construct validity issues,
where machine models produce accurate classifi-
cations through features that are independent
correlates of the true features of interest.

(i11) Shapley values are widely accepted, understood,
and under continual development and scrutiny in
the greater computer science and Al fields.

In addition to its utility for supervised classification
explainability, Shapley values can also be used a priori
or post-hoc in unsupervised learning contexts to
investigate or explain latent structures within embed-
ding vectors (Figure 4). For example, to understand the
discriminating features of different behavioral clusters
in dimensionality reduced space, the cluster assign-
ments can function as target variables for supervised
classifiers. For example, the cluster ‘A’ classifier data set
would contain all bouts for clusters A, and B, with
cluster A bouts annotated as positive, and all other
bouts annotated as negative. Users can then objectively
compare which features drive the classification of a
behavior as A or B. These supervised classifiers are

straightforward to make with current open-source tools
and are optimal for Shapley value calculations using the
TreeSHAP library. Shapley values are then calculated
for each cluster, and this analysis gives quantitative
data of cross-cluster differences that can support and
supplement qualitative visual analysis of the different
behavioral events. Conversely, Shapley values have also
been used as input to dimensionality reduction and
clustering algorithms which, as opposed to raw feature
values, intrinsically represent the importance of the
features for the target variable and may thus produce
more insightful cluster representations [27]. A further
caveat in unsupervised analysis of raw feature values is
the independent scales across the different features.
This shortcoming is addressed when clustering Shapley
values as all features are standardized to a single unit
scale, which is the probability of the behavior [27].

Alternatives to Shapley values

Shapley values are one paradigm amongst a continuously
growing number of approaches for XAl. The funda-
mental priority is not choosing a specific algorithm but
rather that such algorithms become regularly used in
behavioral neuroscience as machine learning approaches
to behavior analysis become more common. Here, we
have promoted the use of Shapley values because of its
wide use [32] and highly active development [45], in
conjunction with its relative ease of implementation and
generalizability of post-hoc explainability to machine
learning platforms in behavioral neuroscience. However,
promising methods that address annotator differences
within inherently interpretable models through program
synthesis and wavelets are also being developed and are
likely to significantly enhance inter-annotator model
explainability [46,47].

Currently, popular and computationally inexpensive
methods for interpretability in classification scenarios
are aggregate gini impurity and entropy measures that
provide information gain following inclusion of the
feature into decision ensembles. These measures are
intrinsically used to create decision trees and, therefore,
often calculated by default. Most prevalent machine
learning libraries provide aggregate feature importance
through gini impurity and entropy measures, high-
lighting their popularity and common use (Sckir: [48];
MULIib [49]; Xgboost: [50]; Tensorflow [51]).

Conversely, permutation importance calculations provide
a global explainability measure by calculating informa-
tion loss following the scrambling of features [53].
LIME is another prevalent approach that provides local
explainability metrics by fitting inherently interpretable
linear regression models on perturbations around the
original feature values [54]. LIME is closely related to
SHAP but does not satisfy game theory axioms [32].

www.sciencedirect.com
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Another increasingly popular approach for local
explainability that explores causality use counterfactuals.
Here, feature values are titrated and a causal relation-
ship between the feature value and the outcome is
concluded when concomitant changes in model de-
cisions are observed [55].

Inherently explainable algorithms also can provide
increased explainability for machine learning applica-
tions [24]. The conceptual definitions of ‘inherently
explainable’ vary, but typically involve low-dimensional
data sets (i.e. few features) that are analyzed using
decomposable algorithms that can be verbalized
without further advanced statistical analysis [56].
Notably, a decision tree algorithm can be accurate and
considered ‘inherently explainable’ if carefully crafted
using a reduced number of select and highly predictive
features. Select features could be identified using
experimenter domain-knowledge, or through pre-
processing using advanced statistical and machine
learning methods [47]. The inclusion of inherently
explainable models should be a goal for developers.
However, we propose a more general use of post-hoc
explainability for behavioral classification for several
pragmatic reasons:

(1) The output of prevalent machine learning toolkits
for behavior analysis [5,57—61] are all directly
amenable to post-hoc explainability methods.
These tools, however, can currently not be used
out-of-box to produce inherently explainable
models.

(ii)) A carefully curated feature-set can provide
inherent interpretability for supervised applica-
tions. However, the same curated feature-set could
bias and obstruct detection of experimenter-
undefined novel behaviors in unsupervised appli-
cations. This disconnect could be addressed by
using different feature-sets for supervised versus
unsupervised learning.

(iii) Two inherently explainable machine learning
models, that classify different behaviors, may not
be directly compared as they will rely on different
input data and feature sets.

Notably—although smaller feature-sets can produce
both accurate and inherently explainable models—this
does not equal computational savings for behavioral
neuroscience use-cases. Many features computed by
generic classification tools [57,58] are not necessary for
accurate classification, but are required for post-hoc ap-
plications such as unsupervised learning and aggregate
and conditional descriptive statistics. Thus, although
fewer features are used by inherently explainable models,
the users of inherently explainable models may still have
to perform the same extensive calculations as those used
by less transparent approaches.

Future directions

Ongoing efforts aim to develop, catalog, and promote
XAI for deep learning and other machine learning
methods [25,26]. While such work tackles technical
topics of comprehensive importance, our own efforts
explore the potential of well-developed XAI methods for
practicable and wide use in behavioral neuroscience
experiments. New XAl methods are developed and
documented at pace, and the behavioral neuroscience
field should be ready to adapt as superior and accessible
methods become available.

We have focused on supervised applications, but there is
a pressing demand to explain the biological relevance of
behaviors detected through unsupervised algorithms.
Unsupervised applications parse behavior with reduced
or no experimenter oversight or ground-truth, and labels
are then assigned by experimenters post-hoc [59—61].
The assignment of behavior labels may depend on
qualitative assessments through visualizations and in-
spection of a reduced number of features. Future un-
supervised applications would benefit from accurate, in-
depth, and verbalizable statistical explanations for why
the algorithm dissociated the clustered behaviors and
what each clustered behavior represents, in addition to
the qualitative appraisals and metrics on their validity
[62]. This will enhance experimenter confidence in the
algorithms and increase their validity and reproducibility
within the greater behavioral neuroscience community.

Another ongoing direction, and area of active develop-
ment, for both pose estimation pipelines and behavioral
classification (DLStream [63]; DLC [64]; Google ML
Kit [65], Tensorflow Lite [66]) are real-time applica-
tions. Real-time behavioral classification, based on real-
time pose-estimation or other behavioral tracking, is a
critical component for impending closed-loop recording
and stimulation platforms that predict current and
future behaviors. Within such applications, an in-depth
understanding of the workings of real-time classifiers,
partly through explainability measures, is critical as ex-
periments depend on one-shot inference without op-
portunities for post-hoc re-analysis or model retraining.
Further, from the technical perspective of computa-
tional expense during real-time predictions, enhanced
explainability metrics allow for the winnowing of un-
needed features without the loss of needed predic-
tive power.

Lastly, supervised classification scenarios are becoming
more complex and varied as they are more widely
adopted. Future supervised classification scenarios will
likely involve shifting multi-animal, multi-object envi-
ronments, as well as user-defined spatial regions of in-
terest and experimental subjects that share partly
overlapping features (age, sex, strain) [67]. To under-
stand the generalizability of machine learning models in
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such complex, less stable settings, enhanced explain-
ability may help.

Conclusion

The use of explainability metrics in combination with
both supervised and unsupervised methods have clear
implications for the transparency and universality of
behavioral classification across research groups. Explain-
ability metrics, if reported when using machine learning
classification, provide discrete and quantifiable de-
scriptions of behavior and remove the subjectivity of
standard operationalized definitions. Shapley values, as
described, provide a simple and effective metric that is
easy to understand and apply in non-specialized settings.

Moving forward, for this purpose, efforts must be made
to establish portals like the Research Resource Identi-
fication (RRID) database [68]. RRID reporting is now
widely accepted, and often required for publication, due
to its alignment with the Materials Design Analysis
Reporting Checklist for Authors [69] that sets the
minimum reporting criteria for studies in the life sci-
ences and is endorsed by major journal publishers.
Already spanning antibodies, reagents, model organisms,
and even software, it is equally important to begin
reporting behavioral classification metrics.

Early efforts to organize such a system have been led by
open-source organizations such as the OpenBehavior
[70] project, which provides a logistical framework to
begin developing and supporting the hosting and
dissemination of behavior-centric open-source pipe-
lines. Alternatively, organizations like The Jackson
Laboratory (JAX), already world-leaders in genetic
database across inbred and outbred mice strains, have
also turned their attention to behavioral phenotyping.
The Mouse Phenome Database (MPD) provides pri-
mary phenotype data for the laboratory mouse and
provides tools to analyze and visualize these data in
relationship to JAX genetic databases [71]. Recently, the
MPD has housed data generated using unsupervised
analysis of grooming behavior [72]. Platforms like
OpenBehavior.org and MPD are primed to not only host
this behavioral analysis, but as machine learning be-
comes more common, also the provide access to the
explainability metrics paired with these data.

Open-source initiatives now enable most behavioral
neuroscience labs to perform automated and accurate
detection of both experimenter-defined and novel be-
haviors in video-recordings. How these algorithms pro-
duce their predictions are typically not quantified,
leading to a lack of transparency for cross-lab compari-
sons and machine model construct validity. Parallel
strides in Al explainability have produced open-source
algorithms that permit accurate and stable calculations
of detailed contributions of individual features and their

interactions for machine model decisions at the level of
individual observations. These explainability algorithms
have begun to be incorporated into many tools aimed at
behavioral neuroscientists [14,57], and we anticipate
that metrics based on Shapley values or other post-hoc
explainability metrics will be an important part of
these efforts.
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