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Abstract

Counterfactual explanations are increasingly vital for understanding and trusting machine learning
models. This study presents, Desirability Rating based Counterfactual (DeRaC), a generalized frame-
work for generating valid counterfactual explanations applicable to multi-dimensional classification
problems, including single and multi-output classification with binary and multi-label outputs. By
expanding the definition of counterfactual validity through a novel “desirability rating,” the approach
addresses limitations in existing methods for complex output spaces. This work details a novel
framework, introducing concepts like partially valid counterfactuals and a quantitative measure of
output desirability, which can be used with objective functions to find counterfactuals that also satisfy
the various existing properties such as similarity, proximity, validity, actionability, etc. Experiments
demonstrate the feasibility of systematically generating counterfactuals using existing optimization
techniques, achieving varying degrees of validity and similarity. The research emphasizes the context-
dependent nature of counterfactuals and lays the foundation for more transparent and trustworthy
machine learning systems.

Keywords: counterfactual explanations; explainable AI (XAl); algorithmic recourse; machine learning;
interpretability; causal inference

1. Introduction

Machine Learning and Artificial Intelligence models are being increasingly deployed in decision-
making and decision-assisting systems across critical domains like finance (credit, insurance, e-
commerce, etc.) [1], law enforcement (facial recognition) [2], cybersecurity (threat detection) [3],
and more. These models often utilize complex algorithms, sometimes operating as “black boxes”
where their internal workings are opaque. Explaining these AI-ML systems is challenging yet crucial
for building trust, identifying biases, and ensuring fairness. A prominent technique within eXplainable
Artificial Intelligence (XAI) is post-hoc explanation, focusing on understanding model decisions rather
than the models themselves. Counterfactual explanation [4] is a widely used post-hoc method.

Counterfactual instances are generated based on a sample instance receiving a specific prediction
from a model. They represent instances with minimal differences from the original instance, designed
to yield a predetermined, or “desired,” output. In Figure 1, a classification model b; predicts “electrical
failure” based on features “predictor;” and “predictor,”. Given that the region inside the model b;
represents positive classifications, instance x receives a positive prediction. If the desired output is
negative classification, x” achieves this while x” does not, making x” a “valid” counterfactual and x’
an “invalid” one [5]. A typical counterfactual algorithm takes the original instance (x), the prediction
model (by), and the desired output as input, seeking a solution that balances proximity to the original
instance with adherence to the desired prediction, while considering factors like proximity, actionability
and similarity.
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Figure 1. Example of valid and invalid Counterfactual Instance x’ and x” based on Original Instance x and
Classification Model by

While counterfactual explanations offer a powerful means of understanding AI/ML model
decisions, practical application is hampered by challenges in high-dimensional spaces. Existing
approaches often rely on very loose definitions of “validity”, requiring a counterfactual instance simply
to “change” the original output. This is particularly ambiguous in multi-dimensional classification,
where there exists multiple “different” outcome from the original outcome of the instance, and often
not all of the “different” outcomes are equal. We propose a new framework to expand the definition
and method of counterfactual generation that handles the nuances raised by the multi-dimensional
classification problems (we will discuss this further in section 2. Our contributions, therefore, lie in:

1.  formalizing the DeRaC framework for counterfactual generation for multi-dimensional classifica-
tion problems,

2. establishing partially valid counterfactuals, and demonstrating its use,

3.  optimizing multi-dimensional counterfactual generation based on critical properties.

2. Ambiguity of Counterfactual in Multi-Dimensional Classification Problems

While counterfactual explanations are well-established for single-output classification, applying
them to more complex multi-dimensional problems, encompassing multi-label, multi-output, and
combinations thereof, introduces significant ambiguity. In traditional binary classification, finding a
“different” prediction is sufficient to define a “valid” counterfactual. However, this approach becomes
inadequate when dealing with multiple classes or outputs.

2.1. Multi-Label Classification Problems

Consider a multi-label classification problem, such as the Iris dataset [6], where the target variable
“class” has 3 classes “Iris Setosa”, “Iris Versicolour”, or “Iris Virginica”. As shown in Figure 2, an
instance (x) with a predicted class of C; has two possible “different” predictions. Treating all these as
equally “valid” counterfactuals overlooks the nuance of their usefulness. The validity of a counter-
factual hinges on achieving a “desirable” output, which is context-dependent and tied to the original
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instance and specific use case. It is also important to note that multi-label problems involve categorical
classes that are mutually exclusive; an instance can only belong to one class at a time.

Co = Iris Setosa

C4 = Iris Versicolour

Coy = Iris Virginica

2J0)oIpaid

A

Predictor

Figure 2. Classification for multi-class (3 classes) problem where the classes are ¢, c1, and c;

We can further divide multi-label problems into nominal and ordinal classifications. In nominal
problems, classes have no inherent order (like the example above with Iris dataset [6]). However, in
ordinal problems, classes have a defined order, impacting the assessment of desirability. For example,
in the frequently used Wine Quality dataset [7], a prediction of 7 is more desirable than 4 if the goal is
to achieve a higher value (such as 9).

2.2. Multi-Output and Multi-Dimensional Classification Problems

Beyond multi-label problems, we encounter multi-output classification, where multiple inde-
pendent classifiers predict different outputs, as illustrated in Figure 3. Unlike multi-label problems,
outputs in multi-output scenarios are not mutually exclusive. A combination of both multi-label and
multi-output structures forms multi-dimensional classification problems. The core challenge remains
consistent: simply finding a “different” prediction is insufficient. The validity of a counterfactual
depends on achieving a combination of desirable outcomes across all outputs, which requires defining
and quantifying what constitutes a “desirable” state for each dimension and the overall problem.
Therefore, a more robust framework to evaluating counterfactual validity is necessary for effective
explanation in these complex scenarios.
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Figure 3. 2-output binary classification problem where outputs oy, o are modeled by bj, by each giving either Yes
or No class

This gap leaves fundamental concepts like “desired-undesired” outputs and “valid-invalid”
counterfactuals ill-defined in the context of multi-dimensional classification systems. To address this,
this paper formalizes counterfactual explanations for any combination of multi-label and multi-output
problems, introducing the notion of partially valid counterfactuals and demonstrating their utility for
model explanation via counterfactual explanations. We further present an optimization framework
for generating these counterfactuals, incorporating key properties such as validity, proximity, and
similarity.

3. Related Work

Explainable Artificial Intelligence (XAI) has emerged as a critical field of research in recent years,
driven by the increasing deployment of complex Al systems across diverse applications [8]. The core
challenge of XAl lies in bridging the ‘black box” nature of many Al models, particularly deep learning,
by providing humans with understandable explanations of how these systems arrive at their decisions.
According to Ali et al. [9], this landscape can be divided into data explainability (focused on explaining
the training data through training and Al models), model explainability (focused on creating Al
models that are naturally more explainable), and post-hoc explainability (focused on explaining Al
model decisions after the fact). More recently, research has increasingly centered on counterfactual
explanations, a post-hoc explanation method, which offer a specific approach to addressing this
challenge by identifying the minimal changes to an input that would alter a model’s prediction [5].

3.1. Multi-Dimensional Problems in Machine Learning

Multi-label and multi-output problems are increasingly prevalent in various fields, driving
significant research into machine learning solutions. These problems involve predicting multiple
outputs simultaneously, moving beyond traditional single-target prediction. As highlighted in several
studies, this approach is crucial for tasks like predicting chemical parameters of river water quality
from biological data [10], forecasting blood-drug concentrations in time series data [11], and estimating
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multiple biophysical parameters from remote sensing images [11]. The ability to model relationships
between multiple dependent variables offers more comprehensive and accurate predictions than
treating each output in isolation.

Machine learning techniques, particularly regression trees and their ensembles, are frequently
employed to tackle these complex problems. Researchers have explored methods like multi-target
regression trees, model trees with linear models in leaves, and adaptations of multi-label classification
techniques for regression tasks [12]. These methods aim to capture the correlations between different
outputs and improve predictive performance. Furthermore, problem transformation methods convert
multi-target regression into multiple single-target problems, offering another avenue for solution [12].
The use of algorithms like support vector regression, ridge regression, and even simpler approaches
like linear regression demonstrate the versatility of machine learning in this domain [12,13].

The effectiveness of these machine learning approaches in regression domain is validated through
rigorous evaluation metrics such as correlation coefficients and root mean squared error (RMSE), often
assessed using cross-validation techniques [12]. The small confidence intervals observed in some
studies indicate the stability and reliability of these algorithms when applied to sufficiently large
datasets. This demonstrates the growing importance of machine learning in addressing multi-output
and multi-label challenges, enabling more informed decision-making and deeper insights in diverse
application areas.

3.2. XAl and Introduction of Counterfactual Explanation

Wachter et al. [14] introduced the concept of counterfactual explanations as a novel method in the
XAl space. The paper argues that the explanations of model decisions should focus on external factors
that can be changed rather than focusing on internal workings of the algorithms. A counterfactual
of an instance x classified by a model b as y = b(x) is an instance x/, where the model’s decision
is different; i.e., b(x/) !'= y, and the difference between x and x/ is minimal [4,5]. A counterfactual
explainer [5] is a function that takes a classifier b, known instances X, and an instance x and returns a
set of valid counterfactual examples C = {x/;, ..., x/;} suchthatb(x/;) != b(x) forall x/;in C.

These definitions are primarily centered around changing a single prediction outcome (b(x/) !=
b(x)) for a specific instance, as is typical in classification, where the output is a single class label. The
Guidotti survey [5] explicitly states its analysis and categorization focus on counterfactual explanation
methods designed to explain black-box classification models because the large majority of the literature
addresses this problem. Despite a number of surveys [4,15-19] that have explored benchmarking,
identified deficits, and conducted analyses of existing counterfactual explanation research, a common
thread emerges: almost all of these studies predominantly assess single-output binary classification
problem. Guidotti [5] also defines the properties of desirable counterfactuals which is summarized in
Table 1.

3.3. Current Techniques for Counterfactual Generation

While the foundational concepts of counterfactual explanations have been established [14], a
diverse range of methods have been developed to generate these explanations in practice. Many
approaches formulate the search for counterfactuals as an optimization problem, aiming to find the
smallest perturbation to an input that flips the model’s prediction. Some works such as [20-22] focus
on different methods of using generative adversarial networks to generate counterfactuals. Other
works focus on different ways to efficiently solve the objective function and calculate counterfactuals
such as using fuzzy decision trees [23], solving for multiple constraints [24], using ensemble methods
[25], using program syntheis [26], or solving other problems of optimizing [27-29].
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Table 1. Desirable Properties of Counterfactual Explanations [5]
Property Description
. A counterfactual x’ is valid if it changes the classification outcome: b(x") #
Validity b(x)
/ . . . . . o .
Minimality (Sparsity) x’ is minimal if it /}/1as the fewest attribute changes compared to other valid
counterfactuals x”.
Similarity (Proimity) x" should be close to x based on a distance function d: d(x, x") < €, where
ty Y | eisa predefined threshold. Also referred to as proximity.
x" should have feature values consistent with a reference population X.
Plausibility Values should be realistic and not outliers within X. Also known as feasi-

bility or reliability.

x" should clearly demonstrate the reasons for the change in prediction. A
human observing x and x’ should understand the differing classification.
x" should only differ from x in terms of actionable features (features that
Actionability can be changed). Immutable features should remain constant. Also known
as recourse.

1 should respect known causal relationships between features, as defined
Causality by a Directed Acyclic Graph (DAG). Changes in features should maintain
established causal links.

A set of counterfactuals C = {x’l, ey xiz} should be diverse, maximizing
Diversity the difference between the counterfactuals while maintaining minimality
and similarity.

Discriminative Power

Other works have focused on developing tools to generate counterfactuals such as the decision
explorer (DECE) by Cheng et al. [30], which is an interactive framework to allow users to explore model
decisions and generate counterfactuals. The what-if tool (WIT) [31] and language interpretability tool
(LIT) [32], both developed by research teams at Google Research offer functionalities directly related
to counterfactual explanations. WIT allows users to automatically identify counterfactual examples,
aiding in understanding model decisions . Similarly, LIT provides first-class support for counterfactual
generation, enabling users to add new data points and immediately visualize their effect on model
predictions, and facilitates side-by-side comparisons. These tools acknowledge the importance of
counterfactuals as a method for interpreting model behavior and offer practical ways to explore these
explanations.

There are also other tools that help to visualize and explain classifiers using counterfactuals such
as Prospector [33], RuleMatrix [34], SystemD [35], ViCE [36], and WiXAI [37]. There also exists a
significant amount of work done specifically on non-tabular data such as images, text, time-series
datasets. Works such as [38], focus on visual counterfactuals identifying how an image could be
changed to alter a vision system’s prediction. Their method involves finding regions in a ‘query’ image
and a ‘distractor’ image (predicted as the desired alternative class) and swapping them to shift the
prediction. This is distinct from simply highlighting important features; it focuses on minimal edits
to achieve a different outcome. Other research works such as [39-44]. For text, research focuses on
automated counterfactual generation, acknowledging the challenge of maintaining natural language
while making minimal changes such as [45]. These tools and techniques collectively highlight the
growing interest in leveraging counterfactual explanations for model debugging, fairness analysis,
and increased transparency in machine learning systems.

3.4. Applications and Extensions of Counterfactual Explanations

Beyond the core definition and generation of counterfactuals, research in this area is diversifying
into several key directions. Some work focuses on improving the quality of counterfactuals themselves,
emphasizing plausibility, actionability, and diversity. For instance, Arie et al. [46] propose making
counterfactual-based analysis more optimized and time-efficient by using databases, while Piccialli
et al. [47] propose utilizing counterfactual explanations to detect important decision boundaries and
training a more compact easily explainable model like decision tree that closely resembles the original
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black-box model. Gao et al. [48], propose a self-training model that uses pseudolabels generated from
a base classification model that uses those pseudolabels to retrain combined with factual data. Their
method is iterative and uses counterfactual virtual adversarial training (CVAT) to ensure the models
don’t get stuck with incorrect guesses.

Furthermore, Temraz et al. [49] propose an interesting approach to solving issues with imbalanced
datasets by using counterfactual augmentation (CFA). The CFA method generates counterfactuals
based on the factual dataset in the minority class, thus producing synthetic data points rather than
oversampling. Another interesting approach by Sohns et al. [50], propose method of visualizing
decision boundary for counterfactual reasoning using local linear maps of the decision space and
combining it with other model inspection techniques. Our previous work [37] also created a tool,
WiXAL that allows users to explore the decision boundaries via an interactive and iterative visual
perturbation of samples, which can help move them towards causal understanding of the relationship
between features at a sample-level.

3.5. Counterfactual explanation for Causal Understanding

Since the introduction of Counterfactual explanations by Wachter et al. [14], counterfactuals are
increasingly recognized for their potential to enhance understanding and interpretability, particularly
within causal inference. These explanations, which detail how an input would need to change to
achieve a different outcome, are not merely about prediction but also offer insights into the underlying
causal mechanisms [51]. Researchers emphasize the importance of ensuring these counterfactuals are
feasible, reflecting real-world constraints and causal relationships rather than simply statistical likeli-
hood [51-53]. Generating feasible counterfactuals necessitates moving beyond statistical approaches
and explicitly incorporating causal models [51], acknowledging that changes to input features must
adhere to natural laws and feature interactions [52].

Recent work focuses on formulating feasibility as a causal concept, demanding that counterfactual
perturbations respect the causal structure between input features [51]. Approaches like CEILS aim
to bridge the gap between XAI counterfactuals and causal counterfactuals, generating explanations
that are both interpretable and actionable by providing causally feasible actions [54]. Evaluating
these explanations requires metrics like causal-constraint validity, which assesses the proportion of
counterfactuals aligning with domain knowledge and causal frameworks [52], highlighting the shift
toward more robust and reliable counterfactual generation for causal understanding.

3.6. Counterfactual for Multi-Dimensional Classification Problems

Despite the evident use of machine learning techniques in solving multi-label and multi-output
problems, the use of counterfactual explanations is quite limited in this problem domain. Most of the
existing literature focuses primarily on single-output binary classification. As such, the definition of
changing the output suffices in finding counterfactuals. Existing research that work with non-binary
classification problems, such as the work by Carlevaro et al. [55] on multi-label classification problems
follow the same idea of “different output” to define valid counterfactuals. Any classification that is
different than the original prediction is treated as valid counterfactuals. We will discuss in section 2
why such a definition can be ambiguity. While methods like those presented in Caron et al. [56] extend
to multi-task learning via deep kernels, the focus remains on estimating causal effects and learning
policies and not necessarily on generating easily interpretable counterfactuals for each individual
output.

Furthermore, the challenge is compounded when considering combinations of treatments, as
highlighted by Parbhoo et al. [57]. Addressing the exponential growth of possible treatment com-
binations necessitates scalable modeling approaches, but doesn’t inherently solve the problem of
generating understandable counterfactuals for each outcome within a multi-output setting. Current
work often simplifies the problem by focusing on single-label or single-output scenarios, leaving a gap
in understanding how to effectively generate actionable counterfactual explanations when multiple
outputs or multiple labels are simultaneously considered.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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4. Desirability Rating based Counterfactual Framework for Multi-Dimensional
Classification Problem

Counterfactual explanations offer a powerful approach to understanding model decisions by
identifying minimal changes to an input that would lead to a different prediction. These changes are
generated relative to an original instance, the decision model, and a specified desired output. Formally,
a counterfactual x/ is a minimally perturbed instance of x such that b(x) # b(x/), where b represents
the model [5]. A “valid” counterfactual, in this context, is one that is sufficiently close to the original
instance while successfully altering the model’s prediction. However, as discussed in section 2, a
more robust framework is needed in cases of multi-dimensional classification problems rather than
the simple “different” classification. This section details a framework for generating counterfactual
explanations specifically designed for multi-dimensional classification problems, outlining how we
define and evaluate the “desirability” of counterfactual instances, and how we categorize them as
“valid” or “partially valid.” It is important to note that this extended framework applies not only
to multi-label and multi-output problems but also existing binary and single-output classification
problems.

4.1. Key Definitions and Scopes

Before detailing our DeRaC framework, it’s crucial to establish the fundamental concepts we’ll be
working with. These definitions provide a common understanding of the problem space and how we
approach generating and evaluating counterfactuals.

1. Type of Problem: This refers to the nature of the classification task. We consider a broad
spectrum, including;:

*  Binary Classification: A single output variable with two possible values.

*  Nominal Multi-Class Classification: Multiple output classes without inherent order.

*  Ordinal Multi-Class Classification: Multiple output classes with a defined order or ranking.

*  Multi-Label Classification: Multiple output classes with or without inherent order (includes both
nominal and ordinal multi-class classification).

*  Multi-Output Classification: Multiple, independent output variables, each with its own classifica-
tion task.

2. Instances: These are the individual data points fed into the model. Formally, an instance x is
a vector of features representing a single observation. The quality and relevance of these instances
are crucial for the generation of meaningful counterfactuals. An instance can also be referred to as a
sample or data point.

3. Desired Output: This is the target output we aim to achieve through the counterfactual
explanation. It can be a single class label (in binary or multi-class classification), a set of labels (in
multi-label classification), or a vector of values (in multi-output classification). The definition of
the desired output directly influences the search space for counterfactuals. The desired output is
context-dependent (depending on the user as well as the use-case).

4. Desirability Rating: A metric used to quantify how close an instance’s output is to the desired
output. The calculation of this rating depends on the Type of Problem as detailed next in Section 4.2. This
forms the foundational basis of our Desirability Rating based Counterfactual (DeRaC) Framework.

5. Counterfactual Goal: The objective of finding a counterfactual is not merely to change the
prediction, but to do so with minimal changes to the original instance. Our goal is to identify the
smallest perturbation to x that results in an output closer to the Desired Output, as measured by the
Desirability Rating while respecting the properties of effective Counterfactual Explanations previously
defined by others [5].

4.2. Desirability Rating of Outputs and Instances

The goal of the metric “desirability rating” is the measure how desirable the output of an instance
is given a predefined “desired” output. For single output binary classification problem:s, it is binary
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(either “desired” or “‘undesired’). Similarly, for nominal multi-class classification problems, since there
is no preference between the undesired outputs, it is also binary score of ‘desired’ or ‘undesired’
output. We can see this function of desirability of an output in case of binary or nominal multi-label
classification in equation 1. Here, the value 1 represents an output class y as “desired” and the value 0
represents an output class as “undesired”.

1, lf]/ €Sy

d =
(]/) 0, lfy ¢ Sd

1)
where, S; is the set of desired output classes.

However, for ordinal multi-class classification problems, we have to consider whether an output
is desired or close to desired output. If we lay out the ordinal classes in order and measure the ratio
of how close the current output is from the desired output we can get the essence of how desirable
is a certain output class. We can measure this as seen in equation 2 (represented by d(-)). From the
equation, we can see that it is measured as the ratio of absolute difference between the ordinal number
of closest desired output class (y;) and the current output class (y) to maximum possible ordinal
difference between two classes. While, binary classification and nominal multi-class classification leads
to a desirability value of either 0 or 1, in the case of ordinal multi-class classification, the value is a
number in the range [0, 1]. A value of 0 represents, an undesired output, and a value of 1 represents
a desired output, while a value in between can be considered partially desirable.

_ |order(yq) — order(y)|
number of classes — 1

d(y) = 1 )

where, y, is the closest desired class and y; € S;.

As we noted above, the complexity for measuring desirability of an output depends on the type
of output. It can either be a binary value or a ratio between 0 and 1. Similarly, for multi-output
problems, we can combine the desirability of each individual output to get an overall desirability
score for an instance. The most straightforward combination would be to put equal weight to all
the outputs and measure the what percentage of them have desired output. It is also possible to
assign more or less weight to individual outputs depending on the problem. As such, the overall
desirability rating of an instance can be measured as shown in equation 3. In equation 3, x represents
the instance, d(-) represents desirability score for individual output, w represents the weight assigned
to each specific output, and D represents the overall desirability rating of an instance for multi-output
problems. Similar to equation 2, the value can be in the range of [0, 1], with 0 representing undesired
outcome, 1 representing desired outcome as well as a value in between representing partially desired
outcome.

sum(wy X d(y1), ..., wn X d(yn))
n

D(x) = ©)

where, y1 = b1(x), y2 = ba(x),..., yn = bu(x) represents the n outputs for instance x, and wy, ..., wy
represents weights assigned to each output that add up to n.

4.3. Valid and Partially Valid Counterfactual

As mentioned previously, Wachter et al. [14], describes counterfactuals in terms of desired out-
comes, showing which external facts could be altered to achieve at a desired outcome. Counterfactual
is thus framed in terms of “desired” and “undesired” outputs. Counterfactuals are declared ‘valid” if
they reach the desired outcome, otherwise they are treated as ‘invalid’. For our problem of multi-label
and multi-output classification, we have not only desired and undesired outcomes but also a spectrum
of partially desired outcomes. While for single-output binary classification problems, a counterfactual
was considered ‘valid’ if it reached the desired outcome, for these complex problems, it is possible
to reach a partially desired outcome. As such, we also have to introduce the concept of partially
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valid counterfactual. A partially valid counterfactual can be described as a counterfactual that has
desirability rating greater than the original instance but isn’t completely desired.

D(x') > D(x)and D(x') < 1 (4)

Mathematically, it is shown in equation 4, where x’ represents the partially valid counterfactual x
represents the original instance, and D(-) represents the function to calculate the desirability rating
of an instance from equation 3. A counterfactual that has the same or lower desirability rating than
the original instance can be considered invalid counterfactual as it doesn’t “progress” in terms of
desirability. Alternatively, if an instance is already ‘desirable’, one can consider a different set of
outputs as desired and recalculate desirability and find valid or partially valid counterfactual for that
use-case.

4.4. Desirability Rating in the Counterfactual Search

The DeRaC framework outlined in Section 4 fundamentally alters the concept of counterfactual
“validity” as traditionally defined by Guidotti et al. and others [5]. While existing definitions focus
on a binary classification of counterfactuals as simply “valid” (prediction changes) or “invalid”, our
approach introduces a spectrum of validity through the Desirability Rating and the categorization
of “Partially Valid” counterfactuals. This moves beyond a simple yes/no assessment and allows for
comparable counterfactuals (some are demonstrably “more valid” than others, reflecting the degree to
which they approach the desired output.

This added complexity is not merely academic, it unlocks new possibilities for counterfactual
explanation generation. Instead of solely seeking any counterfactual that achieves the desired outcome,
we can now formulate objective functions that explicitly optimize for higher Desirability Ratings.
This allows us to prioritize counterfactuals that not only change the prediction but do so in a way
that is closer to the desired output, offering more nuanced and potentially more actionable insights.
These insights are exponentially more important when dealing with multi-dimensional classification
problems.

Specifically, the Desirability Rating can be incorporated directly into the objective function used by
counterfactual search algorithms. For instance, in an optimization process, the objective could be to
minimize a combination of:

e Perturbation Distance: A measure of how much the counterfactual x’ differs from the original
instance x (e.g., L2 distance, Manhattan distance). This ensures minimal changes, a key principle
of effective counterfactuals.

* Negative Desirability Rating: The negative of the Desirability Rating for the counterfactual.
Maximizing the desirability rating is equivalent to minimizing its negative. This drives the search
towards counterfactuals with higher validity.

e Portion of Features Changed: The fraction of features in x that are different in x’. This encourages
minimality: counterfactuals with fewer changes are generally more actionable and easier to
understand.

The relative weighting of these terms within the objective function allows for control over the
trade-off between minimal perturbation and high desirability. A higher weight on the negative
desirability rating prioritizes finding counterfactuals that are as close as possible to the desired output,
even if it requires slightly larger perturbations.

Furthermore, incorporating the concept of “Partially Valid” counterfactuals opens the door to
generating a variety of explanations. By systematically adjusting the acceptance threshold for the
Desirability Rating, we can generate a diverse set of counterfactuals, ranging from those that fully
achieve the desired outcome (Valid) to those that represent incremental steps towards it (Partially
Valid). This variety is crucial for understanding the model’s behavior in complex scenarios and for
providing users with a more comprehensive picture of potential changes.
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It’s crucial to remember that other properties of effective counterfactuals, such as plausibility,
similarity, proximity, actionability, etc. [5], remain essential considerations. Our DeRaC framework
complements these properties by adding a more nuanced quantifiable dimension of validity, enabling
more sophisticated and targeted counterfactual generation strategies.

5. Finding Counterfactual with the DeRaC Framework (Experiments)

This section details the experiments conducted to evaluate the feasibility and effectiveness of
defining and generating valid counterfactual explanations for multi-dimensional classification prob-
lems using the new DeRaC framework of desirability rating discussed in section 4. We evaluated
our approach on three diverse datasets, focusing on the characteristics of generated counterfactuals
with respect to proximity (L2 distance), validity (desirability rating), and optimization success. We
compared the performance across different strategies for choosing the desired output for counterfactual
generation simulating various different context-based desired output scenarios. We will later also
contrast the results for multi-dimensional classification problems with those obtained on single-output
binary classification problems to demonstrate universal compatibility.

5.1. Datasets Used

To ensure a robust evaluation, experiments were conducted using the datasets outlined in Table 2.
These datasets vary in size, dimensionality, and class distribution, providing a comprehensive testbed
for the proposed approach.

Table 2. Datasets Used in the Experiments

Output

< $50K/year)

Dataset Name | Description Type/Problem Number of Outputs Key Features
Classifies Categorical,
mushrooms Multi-label
Mushroom as edible or | Classifi- ” 29 Features
Dataset [58] poisonous cation (Edi-
based on 22 | ble/Poisonous
features. + Habitat)
Information Grades in
about stu- Binary Clas- First Sec-
Student Per- | dents’ perfor- | .. y ’ :
' sification . . . ond, & Final
formance mance in sec- 3 (First, Second, Final Period) .
(Above/Below Periods, De-
Dataset [59] ondary school .
Average) mographic
(grades, de-
. Features
mographics).
Chemical . .
Wine Dataset | properties of Ordinal Mu!t}- Chemical
. class Classifi- 1 .
[71 wines and a ) Properties
. . cation
quality rating.
.| Binary Clas- .
Demographic | ... 7/ Education,
Adult Income sification ital
Dataset [60] features  of (Income > or 1 Age, Marita
individuals. Status, etc.

Note: The Wine and Student Performance dataset is treated as two separate problems (Red Wine &
White Wine and Math & Portuguese respectively).

5.2. Model Training and Multi-Dimensional Classification

To use as the standard model for the basis of counterfactual generation, we trained four different

model architectures: a Multi-Layer Perceptron (MLP), a Random Forest, a Support Vector Machine
(SVM), and a Gradient Boosting Machine; on each output dimension independently. We employed
a 5-fold cross-validation procedure with grid search for hyperparameter tuning to identify the best-
performing model for each output. Specifically, for each output dimension, we selected the model
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configuration that maximized performance based on Root Mean Square Error for regression outputs,
and accuracy and F1-score for classification outputs. Following model selection, we created a unified
multi-output prediction model by integrating the best-performing individual model for each output
dimension. This ensemble approach allowed us to predict all outputs simultaneously, providing a
consistent basis for counterfactual generation.

5.3. Desired Output Selection

For each sample in the test set, we selected a desired output vector using one of the following
strategies to simulate a variety of different scenarios of selecting desired output:

1.  Random: A random output vector was chosen, effectively selecting random values for all outputs.

2. Highest Value: The desired output vector consisted of the highest observed value for each output
dimension across the entire test set.

3. Lowest Value: The desired output vector consisted of the lowest observed value for each output
dimension across the entire test set.

4.  Different Random Value: For each output, a random value different from the original sample’s
output was chosen. This ensures the counterfactual is demonstrably different.

Counterfactual Generation: Using the trained model and the selected desired output, we gener-
ated a counterfactual instance using Powell’s Method [61]. We used the desirability rating defined
in section 4 to measure the validity (complete or partial) of the counterfactual instance. We verified
the validity of each generated counterfactual by feeding it into the trained model and confirming that
the model’s predicted output matched the claimed desirability rating. This process was repeated for
randomly selected 180 samples for a total of 11 runs for each combination of dataset (6 total datasets as
explained in Table 2) and desired output selection strategy, allowing us to assess the robustness of our
approach. This can be seen in Figure 4.

Random Sséesti::;r:jg Calculating
Sampling Output Counterfactuals
\—> '_—p_:> Desired \Q li‘ >
(sampling Sampled . utput Selection (usin Calculated
Dataset6 | 180 instances) Dataset 6 | (4 different Strategy 4 Powellg‘s Counterfactuals
(180) strategies) Method) (180 CF
instances)
(@ J

+
Each Run of the Experiment
(repeat 11 times)

Figure 4. A schema of the experiment setup with 180 samples for each of the 6 datasets (from 4 data sources)
repeated for 11 runs

5.4. Evaluation Metrics

We used the following metrics to evaluate the performance of our counterfactual explanation
approach:

Average Distance: The average distance between the original input and the generated counterfac-
tual across all samples and experimental runs. Lower distances indicate more similar counterfactuals.

Validity: The percentage of generated counterfactuals that passed the validity check. Higher
validity indicates a more reliable generation process.

Optimization Success: The percentage of counterfactual searches that converged to a valid
solution within a maximum number of iterations and within the specified distance threshold. This
indicates the efficacy of the optimization algorithm.

5.5. Expected Results

We hypothesize that: (1) Defining valid and partially valid counterfactuals for multi-dimensional
classification problems is systematically possible; (2) The desired output impacts the proximity, validity,
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and optimization success rate; and (3) The different strategies of selecting desired output will lead
to different validity, proximity, and success rates (either partial or complete). We will combine these
results to those obtained on single-output problem to demonstrate the feasibility of our approach for
multi-dimensional classification scenarios.

6. Results

Even though we worked with four datasets, there were two versions each for both student
performance dataset [59] and wine quality dataset [7]. This resulted in the number of datasets being
six instead of four in our experiments. Among the methods tested, Random Forest and Multi-layer
Perceptrons were the two that outperformed the rest in these experiments. The scipy library [62] was
used to perform the optimization using Powell’s Method [61]. On each random sample (instance),
distance, validity of counterfactual, portion of features changed, desirability rating, etc. were measured.

In Figure 5, we can see the boxplot for the desirability rating of the original sample as well as the
counterfactual sample for wine quality (white) dataset. In the figure, the light gray color represents
the original desirability rating and the dark gray color represents it for counterfactuals, while the red
line indicates the median. We can clearly see that the lower and upper limit of boxplot for original
instances are at values 0.6 and 0.9, while for counterfactual instances are at values 0.6 and 1.0.
Similarly, the median desirability rating for original instances is 0.7 and for counterfactual instances
is 0.8. This shows that our experiments systematically produce counterfactuals that have same or
higher desirability rating than the original instances, thus shifting the median and range to higher
values. This shows that for the multi-label classification problem of white wine quality, our DeRaC
framework is successfully producing counterfactuals that are valid or partially valid, while avoiding
counterfactuals that are less valid than original instances.

Original vs CF Desirability Rating by Dataset

Desirability Type
[ original Desirability
1 CF Desirability

Wine Quality {(White)

Dataset

T T T T T T T T T
0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00
Desirability Rating

Figure 5. Boxplot of Original vs CF Desirability for white wine quality dataset

In Figure 6, we can see the boxplot for the desirability of the original sample and the counter-
factual sample for each dataset. This is to show that across single-output binary classification, single
output multi-label classification and multi-output classification problems, it is possible to calculate
the desirability of instances. In Figure 6, we see that the desirability rating ranges between 0 and 1.
Looking at the red line indicating the median, we see the difference between the median desirability
rating of the counterfactual instance and original instance. In each dataset, the median desirability
rating is higher for the counterfactual than the original instance, which shows that our method of
finding counterfactual is able to generate some partially or completely valid counterfactual for all
these problem types. We can verify this with Figure 7, which plots the average desirability rating per
experiment run for the original instance against the counterfactual instance. In Figure 7, the blue line
indicates the original and counterfactual desirability being the same. All the averages, indicated by
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colored dots, are above the line, which shows that systematically, the counterfactuals have a higher
desirability rating making them at least partially valid on average.

Original vs CF Desirability Rating by Dataset

Adult Income -

Mushroom -
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It
@
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=] L) I 1
Desirability Type L 1 o
A I 1
Wine Quality (White) 1 == Original Desirability
=1 CF Desirability P |_|
0.0 0.2 0.4 0.6 0.8 1.0

Desirability Rating

Figure 6. Boxplot of Original vs CF Desirability for each dataset showing systematic generation of valid counter-
factuals
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Figure 7. Average Original Desirability vs CF Desirability per run (NOTE: there are 11 slightly overlapping points
representing 11 runs for each dataset)

It is important to note that the desirability rating is dependent on the desired output, which is not
dependent on the dataset but rather the context (user or use-case). When seeking goal-achievement for
the user, the desired output depends on the user’s preferred outcome for each output feature. When
looking into correctness of the prediction, the desired output may be the true values for each of the
output features and in some instances like medical problems, the desired output might be whatever is
the best outcome for the outputs. When seeking analysis of the model predictions itself, the desired
output is dependent on the current prediction and what is to be analyzed. It is possible to try to test
the robustness of the predictions by finding counterfactuals and the distance from the original or the
number of features changed to compare how robust are the predictions. The longer distance to the
counterfactual and more features changed, represents larger change needed to find the other prediction
giving more robustness to the prediction.

We can also see in Figure 8, the average percentage of partially or completely valid counterfactuals
found for each dataset based on the method of selecting the desired output. Here we see that the dataset
perform differently in terms of the success rate of finding partially or completely valid counterfactual.
This shows that the counterfactual generations depend on dataset and the model. However, we also
see that within the same dataset, the different strategies of selecting the desired output also has some
impact in the success rates. This reaffirms the notion of counterfactual being highly dependent on
the individual cases as the desired outputs depend on those, as discussed in the paragraph above. To
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test for the robustness of model predictions, we look at the distances of counterfactual and portion of
features changed, which can be seen in Figures 9 and 10.

Percentage of Different CF by Method

100 Method
highest
BN jowest

opposite

80 4 BN random

60

40

Percentage of Different CF (%)

20

Adult Income Mushroom Student Perf. (Math) Student Perf. (Portuguese) Wine Quality (Red) Wine Quality (White)
Method

Figure 8. Percentage of partially or completely valid counterfactual for each dataset based on the various desired
output selection strategies

In Figure 9, we see the average distance for each run of the experiment using the various strategies
of selecting the desired output for each dataset. Here, the dark lines represents, for each desired output
selection strategy, the mean distance, with its min-max range represented by the lighter shades of the
same color. We can see the differences in the results when choosing the desired output via different
strategies even within the same dataset. Similarly, in terms of distance from the original sample, there
is no clear method of choosing desirable output that gives the least or highest distance across all
datasets. Conversely, it means that counterfactuals depend on the context (the dataset, model, desired
output). Similarly, we can see in Figure 10, the portion of features changed for each run using desired
output computed from various different methods. Similar to Figure 9, the dark lines represents, for
different desired output selection strategies, the mean portion of features changed, with its min-max
range represented by the lighter shades of the same color. Consistent with mean distance, among the
datasets, there is no clear desired output selection strategy that performs the best in terms of changing
the fewest number of features possible. Similar to previous results, there are clear differences in the
results between those strategies within each dataset.
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Figure 9. Average L2 distance of Counterfactuals from original instances for each run for each dataset
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Figure 10. Average portion of features changed (to measure similarity) for each dataset for each run

7. Discussion of Results

This study demonstrates the feasibility of systematically generating valid counterfactual expla-
nations for a variety of multi-dimensional classification problems, including single and multi-output
classification tasks with both binary and multi-label outputs. The consistent ability to define and find
counterfactuals across diverse datasets while being model-agnostic highlights the potential of this
approach for eXplainable Al The observed higher desirability ratings for counterfactual instances
compared to original instances, as shown in Figures 6 and 7, highlights the ability to define and
find valid counterfactuals using existing optimization methods. This is further supported by the
percentage of partially or completely valid counterfactuals achieved, varying across datasets (Figure 8),
and across different desired outputs demonstrating the method’s capability of producing meaningful
counterfactuals for explanation. We also measured similarity and minimality, as defined by Guidotti [5],
assessed through distance and feature changes (Figures 9 and 10), which provides insight into how
different the counterfactuals are from the original instances.

Our results emphasize the crucial role of defining the “desired output” in counterfactual genera-
tion, as this choice significantly impacts both validity, proximity, and similarity. Different strategies
for determining this desired output led to varying results in terms of desirability rating, distance,
and the number of features changed, even within the same dataset. This underlines the inherently
case-dependent nature of counterfactual explanations, and highlights the ability to generate diverse set
of counterfactuals based on the sample and desired output for that case. The lack of a universally “best”
method for defining the desired output suggests that the optimal approach will be task-specific and
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potentially user-defined, especially in goal-achievement scenarios as discussed. As for model-analysis
use, the desired output will be instance-specific and less user-defined.

While we explicitly evaluated validity and similarity, other important properties of counterfactual
explanations were implicitly addressed or warrant further consideration. Plausibility is suggested by
the validity scores, but a more rigorous evaluation would require analyzing counterfactuals against
training dataset or even domain expert feedback on the generated counterfactuals. Actionability is also
potentially present, as identifying the key features that, when changed, lead to a different outcome
can inform interventions or decisions. However, we did not explicitly evaluate the feasibility or cost
of enacting those changes in the real world. Our study did not assess the discriminative power of the
counterfactuals, how well they distinguish the original instance from others with the same prediction.
This is an important consideration as highly similar counterfactuals might not be very informative.

Finally, the observed differences in success rates across datasets suggest that the underlying data
distribution and model complexity influence the effectiveness of counterfactual generation. Further
investigation could explore how data characteristics affect the quality and interpretability of the
resulting explanations. It is also worth noting that the concept of diversity is not explicitly addressed.
Generating a single counterfactual might not fully capture the range of possible alternative outcomes.
Future studies could explore methods for generating a diverse set of counterfactual explanations to
provide a more comprehensive understanding of the model’s behavior.

This work directly contributes to the growing field of eXplainable AI (XAI) by providing a
robust and flexible framework, DeRaC for generating instance-level explanations. By systematically
perturbing input features to achieve a desired outcome, we can probe model sensitivities and identify
crucial feature interactions [37]. For example, analyzing which features consistently change across
counterfactuals for a particular class reveals potential biases or unexpected dependencies within the
model. Furthermore, the metrics we employ, validity, similarity, and minimality, offer quantifiable
insights into the quality of these explanations, allowing for comparative analysis of different models
or training procedures. This capability to assess explanation characteristics is essential for building
trust and ensuring responsible Al development, enabling practitioners to not only understand what a
model predicts, but also why, and how easily that prediction could change [14].

8. Conclusions and Future Works

The aim of this work is to formalize valid counterfactual for all classification problems including
binary and multi-label classification for both single as well as multi-output problems. Rather than
changing the existing definitions, the goal is to expand and codify them for problems that are not
mostly discussed in the other works. There have been other works like [63] that mention multi-
label problems, however they are using the existing notion of any different classification as valid
counterfactual. As we discussed the problems associated with this approach in section 2, in case of
multi-label and multi-output classification problems, simply “different” classification isn’t always
useful.

This problem was tackled by the introduction of the concept of desirability rating, which depends
on pre-defined context-dependent desired outputs. These desired outputs are not dependent on
the dataset or the model but rather on the instance or the current use-case (a concept that already
exists in counterfactual explanation literature [5]). We then introduce the Desirability Rating based
Counterfactual (DeRaC) framework, showing it is possible to mathematically measure how desirable
the original and the counterfactual instances are and also to measure the differences between them.
A valid counterfactual is defined as a counterfactual instance with desirability rating of 1 where as
any improvement from the original instance in desirability makes it at least partially valid. It can be
thought of as “on its way” to the desired output or “in-between” the original instance and the desired
instance.

By expanding the definition of valid counterfactuals, we are still able to use concepts from earlier
works like the properties of proximity, validity, similarity, actionability, etc. [4] and [5]. In the experi-
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ments, we use an existing optimization algorithm, Powell’s Method [61], to optimize for desirability
rating (an expansion to existing validity property), and are able to generate counterfactuals based
on different desired outputs for all datasets. These were tested on single output binary classification,
multi-label as well as multi-output classification problems. The experiment was conducted by sam-
pling separated testing dataset with multiple runs for each method of selecting the desired output.
These go to show the reproducibility as well as the compatibility with various different desired outputs.
This is particularly important given the fact that multi-dimensional classification problems have more
than one possible desired output unlike single-output binary classification problems.

It is also important to recognize that there is still further work to be done. Testing on more
datasets with combination of multiple outputs and labels, should give more weight to the proposed
formalization. In the next iterations, we can also test existing counterfactual generation methods like
[30,31,36] that account for properties like proximity, validity, similarity, actionability, etc. on multi-label
and multi-output problems. It is also possible to expand this formalization for regression problems and
study them for efficiency and computational cost. Finally, user studies are needed to assess the human
interpretability and trustworthiness of these counterfactual explanations, ultimately determining
their value in real-world applications like decision support, model debugging, and fairness auditing.
This research lays the groundwork for building more transparent, understandable, and trustworthy
machine learning systems.
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