
Journal of Machine Learning Research 26 (2025) 1-64 Submitted 3/24; Revised 2/25; Published 5/25

“What is Different Between These Datasets?”
A Framework for Explaining Data Distribution Shifts

Varun Babbar∗ varun.babbar@duke.edu
Department of Computer Science
Duke University

Zhicheng Guo∗ zhicheng.guo@duke.edu
Department of Electrical and Computer Engineering
Duke University

Cynthia Rudin cynthia@cs.duke.edu

Department of Computer Science

Duke University

Editor: Mingyuan Zhou

Abstract
The performance of machine learning models relies heavily on the quality of input data, yet real-world ap-
plications often face significant data-related challenges. A common issue arises when curating training data
or deploying models: two datasets from the same domain may exhibit differing distributions. While many
techniques exist for detecting such distribution shifts, there is a lack of comprehensive methods to explain
these differences in a human-understandable way beyond opaque quantitative metrics. To bridge this gap,
we propose a versatile framework of interpretable methods for comparing datasets. Using a variety of case
studies, we demonstrate the effectiveness of our approach across diverse data modalities—including tabular
data, text data, images, time-series signals – in both low and high-dimensional settings. These methods
complement existing techniques by providing actionable and interpretable insights to better understand and
address distribution shifts.
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1 Introduction

Figure 1: An illustration of our dataset explanation framework. This repertoire of explanations enables the
user to gain insights on di�erences between distribution shifted datasets, with applicability across di�erent
modalities. Notably, these explanations do not all require machine learning models trained on the datasets.

Some of the most serious challenges facing the data revolution involves data itself: it is often hard to acquire,
hard to share, hard to generate, and hard to troubleshoot. If we generate more data, how do we know it
follows the same distribution as our original dataset? If we obtain datasets from di�erent sources, how do we
know what is di�erent between them? These questions about data generation and comparisons are important:
they arise when we generate medical datasets to protect patient privacy (Chen et al., 2021; Tucker et al.,
2020; Giu�r�e and Shung, 2023), generate larger synthetic datasets to augment small true datasets, study
data from multiple related sources, or try to determine whether distribution shift has occurred (Guo et al.,
2022; Chirra et al., 2018; Gao et al., 2022; Yang et al., 2023). Thus, it is important to be able to understand
the di�erences between datasets.

Most previous works in this direction studied distribution shift, focusing on detecting whether or not
distribution shift has occurred, as well as detecting di�erences in statistical features between datasets (e.g.,
mean, median, and variance, etc.) We claim that knowing whether changes have occurred is not good enough,
nor is viewing the data through a few basic statistical measurements such as Wasserstein distance and KL
divergence. Understanding the true nature and extent of the changes can help human operators make more
informed and e�ective decisions.

In this work, we propose an explainable AI framework for examining and comparing the di�erences
between two distribution shifted datasets, providing detailed and actionable information. We provide ap-
proaches for several data modalities, including high-dimensional complex data, with examples in audio, time
series signal, image, and text data. Our framework is summarized in Figure 1. It encompasses a variety of
explanation types, including prototype explanations (e.g., \Dataset B contains fewer examples that look like
this"), explanations that involve feature importance (\these examples are why featureK is more important
for Dataset A than B "), and explanations that compare interpretable attributes of natural language datasets.
Most explanations are accompanied by visualizations that allow users to examine high-dimensional data and
samples. Note that we are not aiming to provide anexhaustivelist of methods, as there are an in�nite number
of ways one could examine the di�erence between two datasets, and sorting through these could easily be
overwhelming; instead, we aim for a small set of good methods that will su�ce in most cases.

In Figure 2, we illustrate the distinction between traditional explainable AI (XAI) approaches and our
speci�c task. Existing XAI methods primarily focus on elucidating the reasoning behind a speci�c model's
decisions on an individual sample basis, as depicted in the left examples of Figure 2. However, such methods
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are inherently tied to model behavior and are not well-suited for explaining dataset-level di�erences. Since
dataset di�erences do not necessarily depend on a speci�c model, analyzing them purely through model-
based explanations can be limiting. In contrast, our goal is to develop model-agnostic methods that provide
dataset-level explanations|capturing systematic di�erences directly from the data itself | as illustrated in
the rightmost examples of Figure 2.

Figure 2: Highlights of the di�erences between explanations at the instance-level vs: those at the dataset-
level.

2 Related Works

We introduce and discuss several related previous works to this study.

2.1 Distribution Shift

Our study is adjacent to distribution shift analysis, though our focus is broader: we do not focus on any
speci�c type of distribution shift (such as covariant shift, Sugiyama et al. 2007, or label shift, Zhang et al.
2013), rather we focus on the changes between datasets with no particular assumptions on the type of shift.
Previous e�orts have largely focused on the detection and analysis of the shifts (Sun et al., 2021; Jang et al.,
2022; Yang et al., 2021a), and the improvement of model generalizability to alleviate the e�ects of distribution
shift (Hendrycks et al., 2021; Jang et al., 2022; Sun et al., 2020; Shen et al., 2021). However, to the best
of our knowledge, most works have not explored explaining distribution shifts in a human-understandable
manner. The closest work to ours from this literature is possibly that of Zhang et al. (2023), who proposed an
approach to attribute model performance changes due to distribution shifts based on Shapley values (Shapley,
Lloyd S., 1953). We focus more broadly on explaining di�erences between datasets, with no requirements of
prior knowledge or a task-related model.

2.2 Instance-level Explanations

The conventional instance-level explanation literature has largely focused on post-hoc analysis, i.e., analysing
a prediction from a trained model. Some well-known work (Ribeiro et al., 2016, 2018) has focused on
learning simpler explanation functions that approximate the model around the neighbourhood of a point.
The output of these functions is a score for each feature representing its contribution to a given prediction.
The feature importance-based explanation literature has also examined methods that compute the gradient
of the prediction with respect to the input (Lundberg and Lee, 2017; Selvaraju et al., 2017; Simonyan et al.,
2013; Smilkov et al., 2017; Sundararajan et al., 2017a). Another line of research focuses on counterfactual
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explanations (Yang et al., 2022; Ustun et al., 2019; Antoran et al., 2021; Upadhyay et al., 2021), which
provide changes to a given instance so that the model 
ips its prediction (or, in the case of Antoran et al.
(2021), becomes certain of its prediction). As far as we can tell, none of these types of approaches can be
applied to explaining the di�erence between two datasets; instead, they all explain a model.

2.3 Dataset-level Explanations

To the best of our knowledge, there is very limited literature on dataset-level explanations. The most relevant
work on dataset-level explanations is that of Kulinski and Inouye (2023), which uses optimal transport (Peyr�e
and Cuturi, 2019) maps to explain mean shifts in distributions of the datasets (or individual clusters). The
user is provided with the original clusters and the transported clusters and can visually inspect the di�erence
between the two to derive insights. However, their method focuses exclusively on mean shifts between clusters
and requires both datasets to be of the same size, which can be limiting (see Section D in the appendix for an
example). Shin et al. (2022) provides dataset-level explanations for graph classi�cation tasks by comparing
examples in a dataset to salient sub-graph prototypes frequently observed in the dataset. Zhu et al. (2022)
introduce natural language explanations for visual datasets. In particular, for each attribute or class in the
dataset, the explanation consists of theK most salient image samples in datasetD, their shifted versions in
dataset D0, and a natural language description of their di�erences. This method depends on having a 1-to-1
correspondence between items inD and D0 that are not usually available.

For textual data, Elazar et al. (2023) explores properties of several large-scale text corpora to uncover
insights on the relative presence of attributes such as toxicity, level of contamination, and n-gram statistics.

2.4 Synthetic Data

One major application of our work lies in explaining the di�erence between real data and synthetic datasets.
Most frameworks for evaluating real and synthetic data focus on the statistical properties of the datasets or
evaluate the quality of the generative models. Livieris et al. (2024) construct an evaluative framework for
synthetic data generating models, providing metrics that quantify statistical faithfulness. However, while
these metrics are very useful, they only provide a limited picture of the synthetic dataset. Neto et al. (2024),
on the other hand, create annotated attributes for known real and synthetic face recognition datasets and
compare the data along these attributes. While this emulates our philosophy of providing interpretable
dataset explanations, their main �ndings are speci�c to the domain of face recognition (including the at-
tributes they picked) and may not be directly applicable to other kinds of datasets. In this work, we show
that our approaches are general enough to uncover underlying intricacies of synthetic data that distinguish it
from real data, such as the quality of cluster substructures and properties of in
uential groups of datapoints.

2.5 Prototype Learning

In recent years, ProtoPNet (Chen et al., 2019a), a type of prototype network, has been introduced as an
inherently interpretable neural network capable of providing explanations through case-based reasoning for
its predictions. Speci�cally, ProtoPNet has been built into a popular framework where images are classi�ed
by comparing speci�c parts of an image to prototypical parts associated with each class. Subsequent de-
velopments have expanded on the original ProtoPNet algorithm (Chen et al., 2019a), focusing primarily on
enhancing the components of ProtoPNet itself (Donnelly et al., 2022; Nauta et al., 2021b; Rymarczyk et al.,
2022, 2021; Wang et al., 2023; Ma et al., 2024; Wang et al., 2021a; Nauta et al., 2021a), re�ning the training
regimen (Rymarczyk et al., 2023; Nauta et al., 2023; Willard et al., 2024), or adapting ProtoPNets for high-
stakes applications (Yang et al., 2024; Barnett et al., 2021; Choukali et al., 2024; Wei et al., 2024; Barnett
et al., 2023). Although we utilize the underlying prototype learning mechanism, our focus di�ers signi�cantly
from traditional applications in the prototype learning literature. These methods have the ultimate goal of
performing classi�cation given the underlying task. Our proposed approach aims to compare distribution
shifted datasets, and can operate on both labeled and unlabeled datasets. This fundamental shift highlights
one of the unique challenges and goals of our methodology.

2.6 Rashomon E�ect

Our research leverages the Rashomon E�ect to evaluate feature importance. This phenomenon is the existence
of multiple, diverse models that achieve similar predictive performance for the same task (Breiman, 2001).
The Rashomon E�ect presents both challenges and opportunities: it gives rise to predictive multiplicity {
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where di�erent models yield varying predictions for the same instance (Marx et al., 2020; Watson Daniels
et al., 2023a; Kulynych et al., 2023; Hsu and Calmon, 2022; Watson Daniels et al., 2023b). Also, the set of
high-quality models for a given dataset can disagree on which variables are important (Fisher et al., 2019;
Dong and Rudin, 2020; Smith et al., 2020). Interestingly, compiling all these good models yields something
better than what can be obtained with any single model { a robust, model-agnostic method for assessing
variable importance, called the Rashomon Importance Distribution (Donnelly et al., 2023). In this study,
we focus on the Rashomon set, the collection of highest-performing models, to construct reliable and robust
feature importance measures that help distinguish between datasets.

3 The Dataset Explanation Framework

3.1 Overview of Methodology

In this paper, we aim to illuminate the di�erences between distribution shifted datasets D and D0 consisting
of features X and possibly labelsY , i.e., D = f (X i ; Yi )gN

i =1 and D0 = f (X 0
i ; Y 0

i )gN 0

i =1 . Y is not always
required - our framework contains methods to deal with both supervised and unsupervised data. Our primary
assumption in this work is that D and D0 belong to the same domain (e.g., both consist of animal images),
but other properties of the datasets and their corresponding task models may di�er, such as feature and class
distributions, (latent) cluster structure, and model performance metrics. While these aspects of datasets are
relatively easy to capture, what is not trivial is producing actionable insights into dataset di�erences. For
instance, using our explanation framework, we can reveal thatD0 lacks examples of a certain archetype that
are more prevalent inD, how structural properties of the datasets di�er, and certain intrinsic biases in either
dataset that cause di�ering feature importances betweenD and D0.

Our pipeline for exploring the di�erences between datasets is illustrated in Figure 3, which includes
dimension reduction for data visualization, as well as three novel algorithms:

ˆ In
uential example-based explanations are discussed in Section 3.3. These explanations help uncover
subgroups in datasetsD and D0 that cause di�erences in their feature importances. Applicable for
supervised data.

ˆ Prototype-based explanations. See Sections 3.4 and 3.5. These explanations help compare local neigh-
borhoods between datasetsD and D0. They are accompanied by comparative visualizations using
dimensionally reduction methods. They can be used for both supervised and unsupervised data.

ˆ Large Language Model (LLM)-based explanations using interpretable attributes, see Section 3.6. Can
be used to compare text corpora.

The �rst two explanations involve generating, analysing, and comparing salient samples and their fea-
tures in either dataset. The �nal explanation involves creating interpretable attributes for each dataset and
examining the dataset in terms of those attributes.
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Figure 3: Pipeline for our explanation framework. We provide explanation methods that are applicable
across many data modalities. Some of our methods leverage interpretable features and explain dataset
di�erences in terms of those features. When the features are uninterpretable (e.g., individual tokens in natural
language), one could potentially create proxy attributes that are interpretable and explain the datasets in
terms of those attributes, or use prototypical explanations and dimension reduction projections. We use
PacMAP Wang et al. (2021b) as the dimension reduction method in this paper, as it currently o�ers state
of the art performance.

3.2 Overview of Paper Structure

Di�erent data modalities and tasks require di�erent types of explanations. For instance, using in
uential
example-based explanations is appropriate for tabular data, where the feature values are interpretable. How-
ever, for image and signal data with non-interpretable features (e.g., a pixel value or a signal value at timet),
feature importance would not be as interpretable for humans. In the following subsections, we describe each
method in our framework and provide several supporting case studies of di�erent tasks and data modalities
utilizing the proposed approaches.
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3.3 Explanations Based on In
uential Examples

3.3.1 Introduction

Figure 4: An illustration of in
uential example explanations. Given datasets D and D0 and a feature
importance metric, our explanation gives usK in
uential examples (the user can choose whether they are
from D or D0) that are most responsible for the feature importances being di�erent betweenD and D0.
These feature importances are computed from the set of all nearly optimal, stable decision trees (where
stability means that the model is also nearly optimal for perturbations of D) { we show how to compute
these below. A practitioner can uncover speci�c patterns that distinguish theseK examples { we illustrate
this in Sections 3.3.5 and 3.3.4.

This section examines explanations that take into account di�erences between datasets by consideringwhich
features are intrinsically important in both datasets relative to the underlying task. An intrinsically important
feature is one whose importance for the underlying data distribution remains stable across multiple well-
trained models and perturbations of the dataset. Donnelly et al. (2023) show that not considering this
model-agnostic representation of feature importance can cause researchers to arrive at multiple equally valid
{ yet contradictory { conclusions about the data. After determining the intrinsic importance of features,
we ask the question: Given Datasets D and D0, which K examples from DatasetD0 should I remove so
that the intrinsic importance of features in both datasets for the underlying task are as similar as possible?
To the best of our knowledge, this is a novel way of looking at two datasets while taking into account an
underlying task (e.g., classi�cation). To determine intrinsic feature importances for a labeled dataset, we
employ the Rashomon Importance Distribution (RID) framework of Donnelly et al. (2023). Donnelly et al.
(2023) show that this method, which quanti�es the importance of a feature across the set of all good models
in a class, results in feature importances that are highly robust to dataset perturbations. Given a datasetD,
a hypothesis classF , regularization strength � , and tolerance� , the Rashomon setR is de�ned as the set of
all models in F whose empirical losses are within� of the minimum empirical loss (Semenova et al., 2022):

R(D; �; F ; � ) = f f 2 F : `(f; D; � ) � min
f 02F

`(f 0; D; � ) + � g; where (1)

`(f; D; � ) =
1

jDj

X

Z =( X;Y )2D

L(Z; f ) + �R (f ) (2)
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is the regularized empirical loss for the dataset, with loss functionL and model sparsity R(f ) (e.g. the
number of leaves in a decision tree). Our intrinsic variable importance will average a variable importance
metric over Rashomon sets constructed on bootstrap samples.

3.3.2 Definitions of Relevant Importance Measures

Before we introduce the method to compute the intrinsic feature importances, we �rst de�ne the following
terms:

De�nition 1 (Local Feature Importance Measure { LFIM) Given a predictor f from a hypothesis
class F and a datasetD with M features, a local feature importance measure is a function� (f; X; Y ) :
F � X � Y ! RM that outputs a vector representing the relative contribution of each feature towards the out-
put prediction Y for a speci�c input X . A lot of work has been devoted to the development of faithful feature
importance measures (Ribeiro et al., 2016; Lundberg and Lee, 2017; Donnelly et al., 2023) { in principle,
any of these can be used in our explanation framework. We assume that this feature importance measure is
a property of the dataset and the model in question.

De�nition 2 (Global Feature Importance Measure { GFIM) Given a predictor f from a hypothesis
classF and a datasetD with M features, a global feature importance measure� g(f; D) : F � D ! RM will
provide a similar vector as an LFIM, except that it represents the predictive power of each feature in the entire
dataset. In this paper, we consider GFIM to be the average LFIM vector across all examples in a dataset,
i.e., � g(f; D) = E(X;Y )2D [� (f; X; Y )].

De�nition 3 (Local Intrinsic Feature Importance Measure { LiFIM) Given a dataset D with M
features, a local intrinsic feature importance measure� (X; Y; D) : X �Y�D ! RM for an example(X; Y ) 2 D
computes the importance of each feature in(X; Y ) by aggregating the LFIMs of well-trained, stable models in
F . This involves computing Rashomon sets of bootstrapped samples fromD, storing models associated with
each set and aggregating their LFIMs. The precise technique is detailed below in this section.

De�nition 4 (Global Intrinsic Feature Importance Measure { GiFIM) Given a datasetD with M
features, a global feature importance measure� g(D) : D ! RM will provide a similar vector as an LiFIM,
except that it represents a holistic summary of the intrinsic predictive power of each feature across an entire
dataset. In this paper, we consider GiFIM to be the average of LiFIMs across all examples in a dataset, i.e.,
� g(D) = E(X;Y )2D [� (X; Y; D)].

Under the framework of Donnelly et al. (2023), we can compute the LiFIM and GiFIM of models in the
following manner:

ˆ Bootstrap the dataset D B times.

ˆ For each bootstrapped datasetD i , compute its Rashomon setR(D i ; �; F ; � ). For decision trees, this
can be done using TreeFARMS (Xin et al., 2022).

ˆ Compute the LFIMs of each example under each model in each Rashomon set using any method in
literature (here, we use SHAP of Lundberg and Lee, 2017). Under computational constraints, a random
sample of models from each Rashomon set can also be used.

ˆ The LiFIM � (X; Y; D) for an example (X; Y ) 2 D is computed by taking the mean (over bootstraps
and Rashomon sets) of feature importances. That is:

� (X; Y; D) =
1
B

BX

i =1

1
jR (D i ; �; F ; � )j

X

f 2R (D i ;�; F ;� )

� (f; X; Y ): (3)

If a model appears more than once across di�erent Rashomon sets, this results in that model's feature
importance vector having a larger contribution to the �nal LiFIM.

ˆ The GiFIM � g(D) for the dataset D is the average of LiFIMs in the dataset, i.e.
� g(D) = E(X;Y )2D [� (X; Y; D)].
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In this paper, given D and D0, the in
uential example explanation provides the following information to
the user: A set of K examples (from eitherD or D0 that), if removed from the dataset, would align the GiFIMs
of D and D0 the most. Concretely, let � g(D) and � g(D0) be the GiFIMs on D and D0. We aim to �nd the
set S of K examplesS = f (X [1] ; Y[1] ); ::(X [K ]; Y[K ])g in D0 such that d

�
� g(D); � g(D0nS)

�
is minimized, where

d(:; :) is the Euclidean distance metric between two vectors. That is,D and D0nS will have more aligned
intrinsic feature importances. Figure 4 illustrated the underlying intuition behind these explanations. We
now explain how we obtain theseK in
uential examples.

3.3.3 Determining the Influential Examples

In order to provide in
uential example explanations, we �rst de�ne the notion of in
uence for a test loss
function.

De�nition 5 (In
uence Function for Test Loss (Koh and Liang, 2017)) Given the following:

ˆ training and test datasetsDtrain = f Z train
i = ( X train

i ; Y train
i )gN train

i =1 , and
Dtest = f Z test

i = ( X test
i ; Y test

i )gN test
i =1 ,

ˆ a trained, parameterized modelm� (x),

ˆ the minimizer of the training loss: �̂ = argmin�
1

N train

N trainP

i =1
L(Z train

i ; m� ),

ˆ the empirical test lossL test (m �̂ ) = 1
N test

N testP

i =1
L(Z test

i ; m �̂ ),

an in
uence function for training point (X train
i ; Y train

i ) estimates the theoretical change in the test loss
L test (m �̂ ) if the model m� is trained using Dtrain n(X train

i ; Y train
i ). By applying techniques from Koh and

Liang (2017), we can write this as:

I (Z train
i ; Dtest ; m) =

N testX

j =1

1
N test

r � L(Z test
j ; m �̂ )T H � 1

�̂
r � L(Z train

i ; m �̂ ): (4)

where H �̂ is the Hessian of the parameters� evaluated at� = �̂ . This is essentially an approximation of the
following form:

I (Z train
j ; Dtest ; m) � L test (m �̂ ) � L test (m �̂ � Z train

j

) (5)

where

�̂ � Z train
j

= argmin�

�� 1
N train

N trainX

i =1

L(Z train
i ; m� )

�
�

1
N train

L(Z train
j ; m� )

�
(6)

is the set of parameters that minimize the loss on all training examples exceptZ train
j .

Algorithm 1 In
uential Example Dataset Di�erence Explanations Based on Feature Importance

Require: D = f (X i ; Yi )gN
i =1 , D0 = f (X 0

i ; Y 0
i )gN 0

i =1
1: Let D� = f (� (X; Y; D); 1) if (X; Y ) 2 D else (� (X; Y; D0); 0); 8(X; Y ) 2 D[D 0g be the dataset of LiFIMs

and corresponding labels computed from both datasetsD and D0 (using Donnelly et al. (2023))
2: Train a logistic regression modelm� (X ) to classify D vs D0 using the datasetD�

3: Scores =;
4: for each exampleZ 0 2 D � do
5: sZ 0 = I (Z 0; D� ; m� ) . This is computed using Equation 4
6: Add sZ 0 to Scores
7:

return The K examples inD0 with the highest sZ 0 in Scores

Algorithm 1 �nds the examples that are most detrimental to the performance of the discriminator (i.e.,
have the highest positive in
uence value I (Z 0; D0; m� )). Because the discriminator learns to distinguish
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betweenD and D0 based on their respective feature importance measures, removing the examples found by
our algorithm will make the remaining feature importances look more indistinguishable. That is, once we
�nd the set S 2 D of examples to remove,d

�
� g(D); � g(D0nS)

�
will become smaller { we also demonstrate

this through empirical studies later. Knowledge of these in
uential examples can be valuable to the end user,
not only to precisely understand the properties of `culprit' examples that makeD and D0 di�erent, but also
to design ways to remediate this di�erence by generating or removing certain examples.

3.3.4 Case Study 1: Low Dimensional Tabular Data - Adult Dataset

The Adult dataset contains demographic information from the 1994 US Census database. In particular, each
data point corresponds to information on age, sex, education levels, marital status, race, and occupation of an
individual. The underlying task is to predict if the annual income of the individual is � $50K. In this section,
we aim to explain the di�erence between Adult male and females. This analysis sheds light on potential biases
in the dataset, which may a�ect model predictions and subsequently in
uence decision-making processes.

Dataset D D corresponds to the dataset of all males, but with the same subset of features as Kulinski
and Inouye (2023) { age, education, and income. The income feature is encoded as 1 if the annual income is
� $50k and 0 otherwise.

Dataset D0 This is the dataset of all females, preprocessed in the same manner asD. Thus, we will be
examining di�erences between the two \sex" datasets. We followed the procedure as outlined in Section 3.3
for the Adult male ( D) and female datasets (D0). We identi�ed N = 50 in
uential examples in D0 and
examined their characteristics { these correspond to only� 1% of the dataset. In order to use GOSDT (Lin
et al., 2020) decision trees, we �rst binarised the age and education-num features by thresholding, using the
method of McTavish et al. (2022).

For visualization purposes, Figure 5 shows non-binarised features and the respective in
uential examples.

Figure 5: Visualization of the Adult male ( D) and female datasets (D0) with the in
uential examples for D0

overlaid. Our explanation aims to show that these examples are a big reason why the feature importances
in the female dataset are di�erent from the male dataset - hence, we only highlight in
uential examples in
the female dataset and '�x' the male dataset. These in
uential examples are seen to be localised to a speci�c
part of the feature space. In particular, they are examples of young to middle-aged women with many years
of education. We place this into context in the analysis below.
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Figure 6: Global intrinsic feature importances for Adult males (D), Adult females (D0), and Adult females
after removing 20 in
uential examples (i.e., D00). The task is to predict whether the annual income is� 50k
from binarised age and education features. We show features whose importances inD00are most aligned. In
particular, note how the blue and the green bars in the plot (corresponding toD and D00) are closer than the
blue and red bars (resp.D and D0). Compared to men, women who have less than 14:5 years of education are
disproportionately more likely to have lower income { this is the most a�ected feature. However, removing
a small number of in
uential examples from the female dataset closes this gap { we discuss the implications
of this below.

Dataset Age Num Education Years # Income � $50k # Income � $50k
Adult male: D 39.86� 0.42 10.10� 0.08 709 291

Adult female: D0 36.13� 0.44 9.91� 0.07 899 101
In
uential Examples in D0 46.12 � 1.21 13.38 � 0.07 38 12

Table 1: Mean value of the features (� standard error) Ageand Num Education Yearsalongside the class
balance ofD, D0, and the in
uential examples. We see that the average in
uential examples all have similar
characteristics { they include older women who are highly educated but are mostly not commanding a high
income. Removing instances of these examples better aligns the intrinsic importances of features in the male
and female datasets.

Given the above information in Table 1 and Figure 6, we can posit one dataset explanation:Women who
have less than14:5 years of education are more likely to have lower income than men. This association is
driven in large part due to a few highly educated(� 13:4 years), middle-aged women, most of whom are not
earning well. Thus, analysing the properties of in
uential examples in datasets can not only uncover insights
as to why D and D0 di�er in their intrinsic feature importances for the given task, but also highlight speci�c
biases that may exist within the data.

3.3.5 Case Study 2: High Dimensional Tabular Data - HELOC Dataset

This dataset, which was used in the Explainable Machine Learning Challenge, contains information from the
credit reports of around 12000 people. In particular, it contains features relating to trade characteristics (e.g.,
total trades, overdue trades, etc), consolidated risk indicators (external risk estimate, longest delinquency
period, etc), and miscellaneous indicators (e.g., length of credit history). The task is to predict whether an
applicant for a loan will repay it back within 2 years. Following Kulinski and Inouye (2023), we generate two
separate datasets corresponding to low risk and high risk individuals. This is done by splitting the HELOC
dataset on the variable ExternalRiskEstimate .

Dataset D This is the low risk dataset. Concretely, D = f (X; Y )jExternalRiskEstimate (X ) � 70g.
ExternalRiskEstimate is a black-box metric computed by external agencies that estimates the risk of
defaulting. We chose to split the data on this feature because it is likely that there is a distribution shift
between individuals with high and low ExternalRiskEstimate .
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Dataset D0 This is the high risk dataset. D0 = f (X; Y )jExternalRiskEstimate (X ) > 70g.

We now attend to in
uential example-based explanations for HELOC. We use the Rashomon Importance
Distribution (RID) Donnelly et al. (2023) as the feature importance measure (see Section 3.3.1 for details).
As with Section 3.4.4, we �rst binarized the features in D and D0 using threshold guessing McTavish et al.
(2022) as this is required as input to GOSDT and the RID framework. Let � g(D) and � g(D0) be the global
intrinsic feature importance measures (GiFIM) for the datasetsD and D0 respectively (see De�nition 4).

ˆ We �rst identi�ed the N = 50 in
uential examples in D0 using Algorithm 1. BecauseD0 is of size
� 4500, these in
uential examples correspond to only� 1% of the dataset. Figure 7 shows these
examples highlighted in the original dataset.

ˆ We then removed these examples from the datasetD0. Call this new dataset D00.

ˆ Lastly, we recomputed the LiFIMs and GiFIMs on D00.

We now show the resulting feature importances in Figure 8. We then look at the features whose importances
were most a�ected by this removal.

(a) HELOC Dataset D: ExternalRiskEstimate � 70 (b) HELOC Dataset D0: ExternalRiskEstimate > 70

Figure 7: PaCMAP (Wang et al., 2021b) projection of HELOC datasets D and D0 in a common 2-D space,
but with the in
uential examples for D0 overlaid. The most in
uential examples are seen to be localised to
a speci�c part of the feature space. From Section 3.3.1, these are the examples that, if removed fromD0,
would most likely align the feature importances ofD and D0. We examine this further below.
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Figure 8: Global intrinsic feature importances for datasetsD, D0, and D0 after removing in
uential exam-
ples (i.e., D00). AverageMinFile = Length of credit history. MSinceMostRecentInq = Months since most
recent credit inquiry. % TradesNeverDelq = % of non-delinquent trades. We show binarised features (e.g.
AverageMinFile � 64:5) that have the greatest change in feature importance betweenD00and D0 . In par-
ticular, note how the blue and the green bars in the plot (corresponding toD and D00) are closer than the
blue and red bars (resp. D and D0). We examine the properties of examples removed fromD0 to see why
this is the case (see Table 2.)

Dataset AverageMinFile MSinceMostRecentInq %TradesNeverDelq # Default = 0 # Default = 1
D 67.00� 0.47 0.1� 0.07 91.01� 0.21 1746 3566
D0 86.76� 0.46 0.70� 0.09 97.10� 0.08 3390 1169

In
uential Examples in D0 106.92 � 4.99 NaN 99.16 � 0.28 6 44

Table 2: Average value� standard error of some original (non-binarised) important features and number of
examples of each class (Default = 0 and Default = 1) inD, D0, and the in
uential examples. We see that the
in
uential examples correspond to individuals with high AverageMinFile and %TradesNeverDelq and no
known recent inquiry (MSinceMostRecentInq is NaN { these are given a special value of -8 in the dataset).
This corresponds to individuals with longer credit histories who have almost no delinquent trades and no
credit inquiries on their pro�le. Despite these positive indications, most of these individuals have defaulted
on their loans in the last 2 years (44 out of 50 samples with Default = 1).

We can now compare the two datasets by considering the properties of in
uential examples in Table 2
and the GiFiMs of important features in Figure 8. The dataset di�erence explanation therefore tells us the
following: The binary features TradesNeverDelq � 85:5, AverageMinFile � 48:5, AverageMinFile � 64:5,
and MSinceMostRecentInq � 1:5 are considered to be unusually important in the higher risk datasetD0

compared to D. However, this is in large part due to a few individuals inD0 who mostly defaulted on their
loan in the last 2 years despite having� 99% non-delinquent trades, longer credit history, and no recent
credit inquiries.

3.4 Prototype-Neighbourhood-Based Explanations

3.4.1 Introduction

Given two datasetsD and D0, prototype-based explanations compare these datasets using a set of prototypical
samples P = f p1; p2; p3; :::; pn g. Each of these prototypes is considered to be a meaningful and faithful
representation of its neighboring samples whenD and D0 are projected to a latent space. By comparing the
neighborhood sample distribution betweenD and D0, we could provide insights into the di�erences between
two datasets. There are multiple ways to create prototypes:

ˆ First, we can choose prototypes manually with domain knowledge. We show an example of this for
explaining the di�erence between males and females in the Adult dataset in Section 3.4.4, i.e., in
Figures 11 and 12.
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ˆ Second, cluster centers from clustering methods such ask-means as the cluster centers (similar to
Kulinski and Inouye, 2023) can be seen as prototypes. This is illustrated in Section 3.4.5 to explain the
di�erence between low and high risk examples in the HELOC dataset, i.e., in Figures 13 and 14.

ˆ Third, prototypes and their surrounding latent space can be learned in a neural network in a supervised
and end-to-end fashion, where the encoderf , prototype set P, and the �nal classi�er layer are the
learnable-components. We use this approach for explaining the di�erences between real and synthetic
PPG data and human and machine generated audio. For this last approach, we adapt ProtoPNet
(Chen et al., 2019b) and its variant (Barnett et al., 2023) to project both D and D0 into the same latent
space of the learned encoder, as illustrated in Figure 9b. ProtoPNet tends to have similar accuracy
to its non-interpretable counterparts despite being trained to use case-based reasoning, thus providing
assurance of the quality of the learned latent space from a performance perspective. In this latent
space, we make quantitative comparisons between the learned prototypesP and their neighborhoods
in D and D0.

3.4.2 Quantitative Comparison Between neighborhoods

Once the prototypes corresponding toD are generated, we can use two metrics to analyze the di�erences
betweenD and D0:

De�nition 6 (Neighboring Sample Proportion Di�erence { NSPD) The neighboring samples for
prototype pi are de�ned as the samples that havepi as their closest prototype. The neighboring sample dis-
tribution di�erence for pi is calculated as the di�erence between the percentage ofpi 's neighboring samples in
D and the percentage ofpi 's neighboring samples inD0.

De�nition 7 (Neighboring Sample Distance Di�erence { NSDD) The neighboring sample distance
di�erence for pi is calculated as the di�erence between the average neighboring sample distance topi in D
and the average neighboring sample distance topi in D0. The distance between a sample's feature and a
prototype in the latent space is calculated using cosine distance.

We can compute these di�erences either in the original feature space or project the prototypes to a latent
space using a learned encoder. Figures 9a and 9b illustrate the process of obtaining prototypes in latent
space. In Section B.1 in the appendix, we examine how adjusting the number of prototypes in
uences the
balance between the explanation's complexity and its faithfulness. We also discuss in Section 4.1 practical
justi�cations for the number of prototypes in the explanations, as it is an important design choice.

We show an example of two toy examples with high NSPD and low NSDD in Figure 9g, another pair
of toy examples with high NSDD but low NSPD in Figure 9h, and a pair of toy examples with both low
NSDD and low NSPD in Figure 9i to illustrate Def. 6 and Def. 7 in practice. In addition to quantitative
comparisons, users can also inspect each prototype and perform visual comparisons with samples inD and
D0. We show examples of this throughout the paper.
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(a) Prototypical explanation Step 1: train encoder.
(b) Prototypical explanation Step 2: Send both datasets
through the encoder.

(c) D and D0 have di�erent
NSPD

(d) D and D0 have aligned
NSPD

(e) D and D0 have di�erent
NSDD

(f ) D and D0 have aligned
NSDD

(g) High NSPD & Low NSDD (h) Low NSPD & High NSDD (i) Low NSPD & Low NSDD

Figure 9: In Step 1, we follow the approach of Barnett et al. (2023) to learn both an encoder and a set of
faithful prototypes. In Step 2, both D and D0 are encoded by the learned encoder in Step 1. The encoded
features of samples inD0 are projected into the sample latent space off , the encoder learned onD. The
samples inD0 are compared against the prototypesP in the same latent space, users can see which parts of
D0 are not evenly distributed in the latent space. In (c), (d), (e), (f), we show four examples of P-1 and P-2
evaluation results. The NSPD and NSDD are based on De�nitions 6 and 7 respectively.

3.4.3 Comparing Prototype Neighborhoods in D and D0 in high dimensions

For tabular datasets with a large number of features, it is useful to use only a subset of relevant variables
within the NSDD and NSPD calculation. As we will see, using a good subset will allow a high-quality
approximation of the full NSDD and NSPD (see Section B.2 in the appendix), with a much sparser feature
set. Our partial prototypical explanation provides the NSDD and the NSPD for the prototype along with
the K most relevant features of the prototype for the user to focus on. The notion of a relevant feature is
based on two desiderata:value stability and rank stability.

De�nition 8 (Value Stability) The K chosen features must vary less around the prototype neighborhood,
i.e., given a prototype X p from dataset D and K chosen feature indicesf m1; :::mk g, we want to ensure

EX 02D 0j d(X 0;X p ) � �

h
d
�

X p[m1; :::mk ]; X 0[m1; :::mk ]
�i

is small, whereD is a distance metric that can compare

vectors of the same dimension (e.g.,̀2, `1, or distances that use inner products).
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If the dataset is labeled, we can optionally one-hot encode the labels and append them to the example vector
before computing distances. While we chose examples inD0 that are in an overall � neighborhood of the
prototype, there may be some features whose values in the neighborhood vary less than others. Thus, if we
choose onlyK features due to interpretability constraints, we are best o� choosing important features whose
values are most stable in the neighborhood. One important clari�cation: for the NSDDs and NSPDs of partial
prototypes to remain approximately similar to the original prototypes, we want to preserve the structure of
the prototype neighborhood as much as possible. Selecting more features will preserve neighborhood structure
better but will lead to a loss in interpretability { this tradeo� is illustrated in the appendix (Section B).

De�nition 9 (Rank Stability) If the datasets are labeled, theK features selected should capture as much
of the true model behavior as possible, i.e., they should be important for theprototype in D and similarly
important for its neighbors in both D and D0.

This helps the end user reason about neighboring sample distribution and distance di�erences only in terms
of features that are equally important for both datasets. To this end, we generate the LiFIM� (X; Y; D) using
the Rashomon Importance Distribution (RID) method that can return a vector containing intrinsic feature
importance scores for each feature in (X; Y ) 2 D . The equivalent LiFIM for D0 is � (X; Y; D0). We further
break down rank stability into two components below: To enable this, we propose a score for each feature,
and we will use the top scoring features within the partial prototype explanation:

ˆ De�nition 10 (Rank Di�erence Penalty) If feature j is deemed to be very important for the pro-
totype (X p; Yp) 2 D (according to the local intrinsic importance � (X; Y; D)), but this feature is not so
important for prototype neighbors in either D or D0, it is assigned a high penalty score { this feature is
less likely to be one of theK selected. This penalty therefore penalizes the relative rank di�erences in
the importance of feature j in predicting the label for a prototype in D and its neighbors inD0 and D.

ˆ De�nition 11 (Absolute Rank Penalty) The above mechanism could result in features which are
less important for both the prototype and its neighborhood being selected (as only the relative rank
di�erence is penalized). However, the chosen features should be important for both the prototype and
the neighborhood. The absolute rank penalty aims to ensure that a chosen feature that has low rank
di�erence penalty is also an important feature.

As these forces can be opposing, we propose a score function for each feature that is based on a user-
de�ned tradeo� between rank stability and value stability. Given feature j , datasetsD and D0, an example
(X 0; Y 0) 2 D 0, and LiFIM � (X 0; Y 0; D0), let U �

j (X 0; Y 0; D0) = rank
�

� (X 0; Y 0; D0)[j ]
�

be the rank of the

importance of the feature (i.e., if j is the 3rd most important feature, then U �
j (X 0; Y 0; D0) = 3). Then, the

scoring function for feature j given example (X 0; Y 0) 2 D 0 and prototype (X p; Yp) 2 D is:

sj (D; D0; X p; Yp; X 0; Y 0) = c1

� �
�
�U �

j (X p; Yp; D) � U �
j (X 0; Y 0; D0)

�
�
�
�

| {z }
Rank Di�erence Penalty

+ c2

�
0:5U �

j (X p; Yp; D) + 0 :5U �
j (X 0; Y 0; D0)

�

| {z }
Absolute Rank Penalty

| {z }
Rank Stability

+ c3

�
�
�X p[j ] � X 0[j ]

�
�
�

| {z }
Value Stability

(7)

The same scoring function can be de�ned for an example (X; Y ) 2 D . Algorithm 2 then sums up scores
across both datasets for each feature and prototype.

where the user can choose parametersc1, c2, and c3 to weigh the relative importance of each desideratum.
This naturally induces a tradeo� between value stability and rank stability, which is illustrated in Figure 30
in the appendix.
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Figure 10: Simple example illustrating our interpretable partial prototype feature scoring procedure for
K = 1 (i.e. choosing the best feature). Say we only consider two points to compute the feature scoring
function { the prototype in D and a point in D0 in the � neighborhood of the prototype. We now compare
the feature values and the feature importance values of each feature for both points: FeatureA's value di�ers
a lot between the points compared to other features, and it is relatively important for predicting labels for
both points. Features B and C are less important for both the prototype and the variable, and they do not
di�er as much between the two feature tables. FeatureD is very stable in value, is relatively important for
prediction, and has only a moderate di�erence in rank between the prototype and the neighbor. Our scoring
procedure therefore chooses featureD as the partial prototype because it is reliably important for both D
and D0.

Algorithm 2 Partial Prototype-Based Explanations

Require: M , K , c1, c2, c3, � , D = f (X i ; Yi )gN
i =1 , D0 = f (X 0

i ; Y 0
i )gN 0

i =1 , Prototype Learning Algorithm P,
Feature Importance Function � : X � Y ! R jX j based on RID Donnelly et al. (2023)

1: Determine the M most salient prototypes in D using the prototype learning algorithm P
2: for Prototype: Zp = ( X p; Yp) in the set of M learned prototypes do
3: D� ! f Z = ( X; Y ) 2 Dj d(Z; Z p) � � g . Examples in D close to prototype Zp

4: D0
� ! f Z 0 = ( X 0; Y 0) 2 D 0jd(Z 0; Zp) � � g . Examples in D0 close to prototype Zp

5: S ! ;
6: for Feature j in set of featuresdo
7: sD ! E(X;Y )2D � [sj (D; D; X p; Yp; X; Y )] . Equation 7 for Dataset D� - the average score for the

neighbors in D
8: sD 0 ! E(X 0;Y 0)2D 0

�
[sj (D; D0; X p; Yp; X 0; Y 0)] . Equation 7 for Dataset D0

� - the average score for
the neighbors in D0

9: stotal = sD + sD 0

10: Append scorestotal to S
11: Choose the array indices [m1; :::mK ] in S with the K lowest scores. These are theK chosen features.
12: X partial

p ! X p[m1; :::mK ].

13: return M partial prototypes, each with K features

We note that having a feature importance function is not strictly necessary for the scoring mechanism and
may only be used if the dataset is labelled. Otherwise, one can simply set the parametersc1 and c2 to 0 and
work only with the value stability desiderata. In Section 3.4.5 of this paper, we will demonstrate examples
of partial prototypes for a few real-world tabular datasets. In the appendix (Section B.2), we also share
recommendations for choosing an appropriate value ofK . In particular, a large value of K will provide the
user with a larger prototype vector, making it less interpretable but more expressive. However, a very small
value of K may not necessarily preserve the NSDDs and NSPDs, degrading the quality of the explanation.
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3.4.4 Case Study 1: Low Dimensional Tabular Data - Adult Dataset

In this section, we construct prototypical explanations for the Adult dataset, employing the NSPD and NSDD
methods. The setup is the same as in Section 3.3.4 - we are comparing Adult male and female datasets. This
example is only three-dimensional (so we do not require complex dimension reduction), and prototypes will
be chosen in a simple heuristic manner based on feature percentiles and depth-2 decision trees. To construct
prototypes, we �rst de�ned 3 categories of education levels: lower, medium, and high. These correspond
to the 10th , 50th , and 90th percentiles of education years in the male datasetD. Note that we could have
also chosen the female dataset for constructing prototypes { there is nothing inherently special about our
choice here. We categorised age in the same manner as education. 9 prototypes were then constructed,
corresponding to all possible combinations of education level and age. To construct an income feature, we
trained a shallow decision tree classi�er onD to predict if income � $50k from age and education level. Each
prototype was then passed through this decision tree and the tree's prediction (the majority vote in the leaf)
was used as the income feature for the prototype.

Figure 11: Visualization of the Adult datasets for males (D) and females (D0) in 2-D space, where only two
features { Age and Num Years of Education { are considered. The colors of each point correspond to its
class label.

Feature 1 Feature 2 Feature 3

Prototype 2
Age # Education Years Income � $50k
23 10 0

Prototype 4
Age # Education Years Income � $50k
38 7 0

Prototype 6
Age # Education Years Income � $50k
40 13 1

Prototype 8
Age # Education Years Income � $50k
59 7 0

Table 3: A few prototypes from the Adult male dataset. The NSPD and NSDD for both datasets are
computed using Euclidean distance metric over the normalized version of the datasets and the prototypes.
We perform normalization of both the prototype and the datasets by using the average and standard deviation
of Age and #Education Years from the Male dataset. The binary income feature is not normalized.
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