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Abstract

In today’s data-driven world, addressing bias is essential to minimize discriminatory out-
comes and work toward fairness in machine learning models. This paper presents a novel
data-centric framework for bias analysis, harnessing the power of counterfactual reasoning.
We detail a process for generating plausible counterfactuals suited for group evaluation, us-
ing probabilistic distributions and optionally incorporating domain knowledge, as a more
efficient alternative to computationally intensive generative models. Additionally, we in-
troduce the Counterfactual Confusion Matrix, from which we derive a suite of metrics
that provide a comprehensive view of a model’s behaviour under counterfactual conditions.
These metrics offer unique insights into the model’s resilience and susceptibility to changes
in sensitive attributes, such as sex or race. We demonstrate their utility and complemen-
tarity with standard group fairness metrics through experiments on real-world datasets.
Our results show that domain knowledge is key, and that our metrics can reveal subtle
biases that traditional bias evaluation strategies may overlook, providing a more nuanced
understanding of potential model bias.
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Table 1: Group Fairness Criteria and Metrics
Criterion Fairness Requirement Metric Meaning

Independence
Outcome independent of the
sensitive feature

DemP
Difference between Predicted Preva-
lence (Feldman et al. (2015))

Separation
Given an outcome, similar
probability of being correct
(Equal error rates)

EOdds
EOpp
PredEq

Error rate diff. for both outcomes
Error rate diff. for positive outcomes
Error rate diff. for negative outcomes

(Hardt et al. (2016))

Sufficiency
Given a prediction, similar
probability of being correct

PredP
Difference between Precision (Verma
and Rubin (2018))

1 Introduction

Machine Learning (ML) models have revolutionised decision-making processes across nu-
merous domains. However, these models can mirror or even amplify bias present in the
training data, raising concerns about potentially unfair or discriminatory outcomes. Stud-
ies often focus on identifying discrimination based on a sensitive feature (e.g., race, sex),
also known as a protected attribute in specific applications. Detecting and mitigating bias
is critical for equitable and trustworthy ML systems. Nonetheless, there is no consensus on
an unequivocal definition of a fair decision in ML, despite numerous philosophical streams
emerging over time, including egalitarianism and utilitarianism (Beretta et al. (2019)).

The most prevalent approach for detecting bias relies on group fairness. Existing fairness
metrics under this umbrella term are referred to as parity measures as they compare per-
formance parameters between the data sectioned by the subgroups of the sensitive feature.
These metrics can be further divided by the fairness criterion employed: Independence,
Separation, and Sufficiency (Barocas et al. (2023)) (Table 1).

While group fairness targets similar outcomes for different subgroups, another stream
evaluates bias in an instance-based approach, defending that similar instances (except for
the sensitive feature) should have similar outcomes (Dwork et al. (2011)). This concept of
individual fairness is still a disputed methodology. Fleisher (2021) argues the impractica-
bility and insufficiency of the methodology, further defending that the analysis may induce
human biases. Still, in this context, we highlight counterfactual fairness, employing the
concept of causal inference, as introduced by Kusner et al. (2017). Under this notion, a
model is deemed counterfactually fair if, for any sample, the actual prediction is the same
as the one generated in a ‘Counterfactual world’, changing the value of the sensitive feature,
while keeping other not causally dependent variables constant.

By definition, counterfactual fairness applies under the premise that bias is found when
there is a causal link between a sensitive feature and the outcome. This framework assumes
the sensitive feature should not impact the outcome. While this holds true in some cases,
it is not universally feasible. As an example, an individual’s sex should not influence their
college admission decision. On the other hand, sex, or race, might be a biologically relevant
factor for clinical trials’ enrollment, as well as a source of bias.
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1.1 Contributions

To broaden the application of counterfactual fairness in diverse scenarios, we introduce a
novel framework for bias evaluation that starts by creating plausible counterfactual exam-
ples. This approach shifts from strict causal relationships to a more flexible model that
changes the sensitive feature while plausibly adjusting (cor)related features. Plausibility
is derived both from Probability Distribution Functions (PDFs), and domain knowledge,
when available. Rather than enforcing complete independence from the sensitive attribute,
our method evaluates independence from characteristics plausibly linked to it. Moreover,
recognising the challenges of generating synthetic data and its evaluation, the incorporation
of domain knowledge in various forms drives the credibility and relevance of the generated
Counterfactuals (CFs).

The proposed framework further comprises a comparison between the model outcomes
in both the original and counterfactual scenarios. This analysis is streamlined through a
novel Counterfactual Confusion Matrix (CCM) and its extended version. Several metrics,
analogous to the ones derived from a traditional confusion matrix, are proposed to aggregate
the individual results into group-based insights. This balanced use of statistical distributions
and causal insights facilitates a more nuanced transition from individual to group fairness,
enriching the robustness and applicability of our framework in different contexts.

1.2 Related Work

This subsection highlights the related work of applying counterfactual reasoning to fairness
and related applications, focusing on the methodology and challenges involved.

1.2.1 Counterfactual Explanations

We start by discussing the role of Counterfactual Explanations (CFEs) in ML. CFE is a key
framework for explainability, utilising “what if” scenarios to improve interpretability. CFs
identify minimal feature changes for different outcomes (Wachter et al. (2017)). Despite
their widespread use in model-agnostic settings across various data types, standardising
evaluation methodologies remains a challenge (Stepin et al. (2021)).

In the context of CFE, there are several studies for generating plausible CFs employing
metrics such as sparsity and diversity (Smyth and Keane (2021)), as well as improving the
consistency of the generated CF (Black et al. (2021)). Diverse Counterfactual Explanations
(DiCE) is another prevalent technique for generating CFs that satisfies two properties:
diversity and feasibility given the user context and constraints (Mothilal et al. (2020)). The
method is able to generate a diverse set of CFs that effectively approximate local decision
boundaries providing meaningful insights into the model’s predictions. Human-in-the-Loop
processes also contribute to robustness by incorporating domain expertise (Kaushik et al.
(2019)). Despite these advancements, a gap persists in applying CFE methodologies to
counterfactual fairness due to conflicting goals. Most CFE generation models aim to flip
the prediction, while counterfactual fairness focuses on changing the sensitive feature and
observing prediction changes.

3



Pinto, Carreiro et al

1.2.2 Counterfactual Features versus Outcomes

There are two main approaches to achieving counterfactual fairness. The first, more com-
mon approach previously introduced, considers CFs of sensitive features, while the second
focuses on counterfactual outcomes. The former, with which this work aligns, involves
changing a sensitive feature (e.g., sex or race) and observe whether the model’s distribution
is changed (Kusner et al. (2018); Cornacchia et al. (2023a,b); Russell et al. (2017a)). In
contrast, the latter involves estimating a change in the outcome and observing the effect
on the predictor’s distribution. This approach is often studied in Risk Assessment Instru-
ments (Coston et al. (2020, 2021); Mishler et al. (2021); Mishler and Kennedy (2021)).

However, as mentioned before, the challenge of developing accurate causal models, es-
pecially with confounding factors, remains significant (Russell et al. (2017a); Kusner et al.
(2018); Cornacchia et al. (2023a,b)).

1.2.3 Counterfactual Bias Evaluation

Regarding bias evaluation, Coston et al. (2020) propose counterfactual analogues of com-
mon performance and fairness metrics, introducing doubly robust estimation for calculating
them. They use counterfactual outcomes, which would have been observed under a differ-
ent decision policy, and a treatment/decision model that predicts the treatment or decision
based on the features.

Mishler et al. (2021) propose a post-processing method to achieve counterfactual equal-
ized odds in Risk Assessment Instruments, also computed using doubly robust estimators.
These last approaches fall under the category of counterfactual outcomes, while our pro-
posed framework focuses on counterfactual (sensitive) features.

Cornacchia et al. (2023a) propose a counterfactual generation tool to study implicit
bias in predictive models even when sensitive features are removed. Their approach allows
to identify proxy features, defining a metric called Counterfactual Flips, representing the
percentage of the generated CFs that belong to different demographic groups through a
sensitive feature predictor. The research group further presents a novel set of fairness
metrics including the Counterfactual Fair Opportunity (CFO), a Discounted Cumulative
Counterfactual Fairness, and its normalised version (Cornacchia et al. (2023b)).

Maughan et al. (2022) devised a method to evaluate CF fairness after deployment, suited
for Neural Networks (NN). The proposed metric, Predictive Sensitivity, measures the dot
product of the gradient of the feature’s contributions in the task classifier and in predicting
the protected attribute (auxiliary model). Both factors are calculated by the difference in
weight of the feature when flipping the protected attribute. This measure is proposed as
a proxy to causal inference and higher values indicate CF bias. During training, a base
acceptable value for predictive sensitivity is established, and, after deployment, predictions
are monitored to detect if the model is striving away from the acceptable range. This
method does not require an explicit CF generation process, being a cost-efficient approach.
Nonetheless, it requires an additional model and white box access for auditing and is limited
to NNs.

Despite these developments, there remains a gap in comprehensive metrics for con-
ducting an in-depth global analysis of decision flips in counterfactual fairness applications.
The work of Black et al. (2020) presents a notable contribution in this regard, introducing

4



The Matrix Reloaded

`
iptests' that account for 
ips from positive to negative or vice versa for each subgroup, fur-
ther constraining by features as well as ground truth based on the case study. However, this
evaluation focuses on understanding which features changed in the CF generation process
instead of measuring model prediction's 
ips. The generation process uses Optimal Trans-
port Maps (OTMs) or approximations through Generative Adversarial Networks (GANs)
to convert distributions between subgroups, e�ectively achieving feasible CFs. Still, these
methods have shortcomings: they are computationally demanding and, while e�ective in
reading and learning the distributions, they are easily prone to replicating statistical re-
lations that are not necessarily desirable or even representative of real-world populations.
This is used to their advantage by identifying the features that change the most for a given

iptest in order to understand the underlying tendencies of the model. Goethals et al. (2023)
propose another metric based on CF 
ips, thePreCoF which measures the di�erence in
portion of these 
ips.

Albeit with similar methods and goals, our work aims for a more straightforward eval-
uation based on plausible CFs. Instead of focusing on causal links and ensuring that the
sensitive feature does not a�ect the model prediction, our aim aligns with the fundamental
idea behind counterfactual thinking. While ambitious, we strive to provide an evaluation
framework based on CFs that mirrors the original dataset in a `Counterfactual World'.
With this, each CF should only stray away from the original sample in terms of group
membership and characteristics we can argue would be di�erent. To achieve this, we pro-
pose a controlled CF generation process, described in Section 2.1. Our goal is to set new
necessary, albeit not su�cient, conditions to de�ne a model as unbiased.

1.2.4 Counterfactual Bias Mitigation

Regarding bias mitigation techniques employing CFs, Russell et al. (2017b) proposed a
method to make fair predictions by integrating multiple causal models. In that study, the
model is generated with an optimisation task of achieving, as the authors de�ne it, an
Approximation Counterfactual Fairness. This metric is calculated based on the di�erence
of 
ipped instances between each sequential causal model.

Concerning data augmentation, several studies explored the bene�ts of utilising CFs for
attenuating the class imbalance (Pombo et al. (2023); Temraz and Keane (2022)), as well as
testing which generation processes ensure better results (Kaushik et al. (2020)), which can
be expected to translate well into minimising counterfactual bias. Our proposed framework
also investigates the impact of counterfactual augmentation in bias mitigation, guided by
the proposed metrics and domain knowledge.

2 Methodology

2.1 Generating Plausible Counterfactual Fairness

The goal of this process is to generate, for each sample, corresponding CFs (relative to a
sensitive feature) that share the same outcome. Additionally, features highly correlated with
the sensitive feature are adjusted to better �t the counterfactual subgroup. The proposed
algorithm considers the statistical distribution of each sensitive subgroup relative to each
class to adjust feature values.
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In scale, for a given sensitive attribute with G possible subgroups, at least one CF is
generated for each di�erent subgroup for each sample, resulting in at leastG � 1 CFs per
sample.

To introduce the method, we characterize the dataset by a set of featuresF , a sensitive
attribute with multiple subgroups g 2 G, and the target variable with a set of possible
labels Y (for a classi�cation task). We de�ne the group of samples from which we want
to generate CFs asS and the training set, used as a reference in the generation process,
as Strain . For ease of interpretation, the proposed process is described in the context of
a binary classi�cation problem, y 2 f 0; 1g, where 0 corresponds to the negative (-) class
and 1 to the positive (+) class, and a binary sensitive feature with subgroupsg 2 f A; B g.
However, the method generalizes to multiclass problems and categorical sensitive features,
as discussed in Appendix C.

The algorithm starts by handling continuous variables. The process (considering only
one label) is roughly illustrated in Figure 1. The generation begins by computing the
Cumulative Distribution Functions (CDFs) P 2 f PA� ; PA+ ; PB � ; PB + g for the values of
each continuous featuref 2 F of the training set Strain . For each samplesk in the sample
spaceS belonging to subgroupA that has value vk;i for a continuous feature f i and label
yk = 1, the goal is to generate a CF in the subgroupB with a modi�ed value v0

k;i , retaining
the label yk = 1. The algorithm assesses the probability of the eventx � xn within the PA+

distribution (CDF of training samples from subgroup A with positive label) (Figure 1B).
De�ning x as the sorted possible values for the featuref i , where vk;i corresponds to its
nth value, xn = vk;i . In case xn is not represented in the distribution, the method uses
interpolation to infer the approximate probability. De�ning the closest values in PA+ as
xn� 1 and xn+1 wherexn� 1 < x n < x n+1 , formally, for the sample sk 2 SA+ , the probability
of event vk;i = xn is given by Equation 1.

PA+ (vk;i ) = PA+ (xn ) = PA+ (xn� 1) + ( PA+ (xn+1 ) � PA+ (xn� 1))
xn � xn� 1

xn+1 � xn� 1
(1)

Then, it searches for the corresponding valuev0
k;i = xm in the distribution PB + from

PA+ (xn ) (Figure 1C). When not represented, the value is inferred by interpolation, formally
de�ned in Equation 2.

v0
k;i = xm = xm� 1 + ( xm+1 � xm� 1)

PA+ (xn ) � PB + (xm� 1)
PB + (xm+1 ) � PB + (xm� 1)

(2)

A similar approach is adopted for categorical features. However, when �nding the
corresponding feature values of the CF, instead of interpolation, the method selects the
nearest value from the new distribution, considering the discrete nature of the feature. It is
important to note that this process is speci�cally suited for features - whether continuous
or categorical - that exhibit an ordinal relationship, such as `age' or `burn degree'. For
other categorical features, it is preferable to one-hot encode them and treat them as binary.
Importantly, this method is able to treat encoded features as a group, ensuring the absence
of impossible combinations.

To provide a clearer picture with an example, consider the task of generating a CF of
a male patient based on a healthy female patient's data. It would be implausible if the
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Figure 1: Sequential steps for adjusting the valuexn of the continuous featuref throughout
the generation of CF from groupB from samples from groupA, given the sensitive
feature g 2 A; B . Note that the process further sections the samples by label.
A - Estimate PDF of the continuous feature sectioned by subgroups and label;
B - Estimate CDF for both distributions marking the corresponding value xm in
the other group CDF; C - Resulting CF CDF(purple) when repeating the process
for every sample; D - Resulting PDF from the CFs(purple).

testosterone levels in the CF remained the same as the original female patient's levels. The
proposed method �nds the testosterone concentration of the initial female sample within
its distribution, say, within the higher quartile, and grants that the male CF is within
the corresponding quartile. So, a female with comparatively higher testosterone levels
corresponds to a male with relatively higher levels, and the converse holds.

The process of 
ipping binary features is based on the probability of the original value,
conditioned for each subgroup. Initially, for each binary feature, the method tests the prob-
ability of the original feature value vi occurring in the new group. Should this probability
fall beneath a predetermined threshold, then the feature value is 
ipped. This step prevents
the emergence of `impossible' feature combinations. For example, consider an original sam-
ple representing a pregnant woman, and we aim to generate a male CF. Since the attribute
of pregnancy is female-exclusive, the probability of a pregnant individual being female is
1, while the counterpart for a male is 0. Consequently, the algorithm modi�es the feature
value from `pregnant' to `not pregnant' in the male CF.

Subsequently, an iterative test for the remaining binary features initiates. For a sample
sk labelled as 1 from subgroupA with value vk;i for the feature f i 2 FB , where FB is the
set of binary features, the method calculates the di�erence between the probability of that
event occurring for subgroupA and subgroup B . If the di�erence surpasses a prede�ned
threshold (� = 0 :5 by default), the feature value 
ips, remaining unchanged otherwise. In
notation,

v0
k;i =

(
jvk;i � 1j if jP(vk;i jg = A; y = 1) � P(vk;i jg = B; y = 1) j � �

vk;i if jP(vk;i jg = A; y = 1) � P(vk;i jg = B; y = 1) j < �
(3)

Acknowledging that this change might not be plausible, the procedure iteratively re�nes
itself, incorporating additional constraints on subsequent feature 
ips. In the second level,
where f i 
ipped, other features are tested, comparing probabilities conditioned on the new
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feature value and the sensitive feature. For instance, for the next featuref j , the value v0
k;j

shall be given in relation to v0
k;i , following:

v0
k;j =

(
jvk;j � 1j if jP(vk;j jg = B; f i = v0

k;i ; y = 1) � P(vk;j jg = B; f i = jv0
k;i � 1j; y = 1) j � �

vk;j if jP(vk;j jg = B; f i = v0
k;i ; y = 1) � P(vk;j jg = B; f i = jv0

k;i � 1j; y = 1) j < �
(4)

As the iterations progress, the pool of samples adhering to these constraints diminishes.
Consequently, the probabilities become less representative of the population. Thus, it is
crucial to consider the size of the dataset and select an appropriatedepth - a hyperparameter
that determines the maximum number of iterations. Because there are features that can be
established as unrelated to the sensitive feature, it is possible to select the potential features
and keep the others unchanged.

This approach can yield multiple CFs for each sample as it evaluates each feature in
parallel, depending on the hyperparameters. To �lter out inconsistent CFs, a supplementary
optional validation phase is introduced. This phase examines the feature distributions
and discards the less likely candidates. First, Principal Component Analysis (PCA) is
applied to the dataset, which is then sectioned by label and group membership. For each
possible combination ofn � 1 principal components, the centroid is calculated (e�ectively
projecting the remaining components onto a single one). CFs are marked as invalid if they
are farther from one of the centroids than a set threshold, based on a number of standard
deviations (e.g., 1:5� � ). The generated CFs can then be used to investigate the presence of
counterfactual bias in a ML model by comparing its outcomes for both the original samples
(e.g. a validation set) versus their counterfactual versions. The main components of this
methodology are comprised in Algorithm 1, found in Appendix A.

2.2 Counterfactual World Building Considerations

This methodology requires a clear idealisation of a counterfactual world and the changes
it may entail. Deciding which features are rightly related to the sensitive feature can be
challenging and sometimes inconclusive. For instance, there may be characteristics that
are rightly related to a group in one scenario but not in another. In these circumstances,
valuable insights can still be gleaned from counterfactuals, namely through naive and greedy
approaches. A naive approach would involve only 
ipping the value of the sensitive feature,
while the greedy approach would allow changes in all features related to the group. While
plausibility is not guaranteed, the proposed metrics can still provide hints of potential
biases. The naive approach will display an approximation of the direct importance of the
sensitive feature in the dataset. In contrast, the greedy approach refers to the global impact
of the represented group's distributions on the decision. In some instances, the latter may
su�ce for the purposes of the project. For example, in Section 3.1, we present a scenario
where the counterfactual world is not clear-cut since the correlations with the sensitive
feature are not direct. To surpass the issue, we start by identifying the few relations
we are sure do not have a plausible e�ect, then attempt to decorrelate them (creating
a new base dataset), followed by a greedy approach, and �nally empirically choose the
counterfactuals we are the most con�dent. Di�erent methods may be employed to validate
counterfactuals; a safe approach is to adapt synthetic data validation metrics so that while
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Figure 2: Flowchart of the proposed CFs Generation process, characterising the feature
selection process, as well as the CFs �ltering options.

they may not be de�nite plausible mirror images of the original samples, they can at least
be assumed to be feasible instances. Additionally, since the proposed metrics are intended
to complement other fairness methods, such as group fairness, assessing the e�ectiveness
of data augmentation with more objective metrics, namely group fairness parities, is also
possible. We include a 
owchart with general interpretations to guide the reader through
the preprocessing steps to �lter plausible features, such as choosing the CFs for evaluation
and augmentation (Figure 2).

2.3 The Counterfactual Confusion Matrix

The prominent Confusion Matrix (CM) allows for easy visualisation of the combinations of
the ground truth and the predictions, containing all the necessary information for evaluating
the performance of a classi�cation problem. Inspired by this instrument, the proposed CCM
adds two dimensions to the analysis: the sensitive feature values and the resulting prediction
for the counterfactual samples. As follows, to simplify interpretation in speci�c applications,
we propose two versions of the matrix: a simpli�ed format that omits the ground truth,
and an extended version.

By design, the assumption of independence in generating the CFs implies that, for a
given samples 2 S, the label for the pair s; sCF remains the same Thus, it is possible
to directly compare each pair with a criterion of consistency , evaluating if the prediction
changes for the CF sample. There are four possible combinations of results for a binary
problem, which can be counted and presented just like the combination between predictions
versus real values can be summarised in a CM. In this case, the reference is the original
prediction, so it occupies the spot of the ground truth in rows, while the CF predictions are
placed in the columns, as illustrated in Figure 3.

When analysing a counterfactual matrix, the base parameters account for the CFs pre-
dicted as positive (P) or negative (N) which are consistent (C) with the original sample

9



Pinto, Carreiro et al

Figure 3: The Counterfactual Confusion Matrix (CCM) with two additional CCMs rep-
resented(right) highlighting the importance of drawing these matrices by group
membership.
Ŷ - Prediction for the factual(original) sample; ŶCF - Prediction for the CF sam-
ple.

or switch (S) its value following the nomenclature: Consistent Positive (CP), Consistent
Negative (CN), Switched to Positive (SP), and Switched to Negative (SN).

2.3.1 Derived Metrics

Several metrics can be derived from the CCM, some in direct analogy to metrics computed
from the traditional CM. We will de�ne the proposed metrics, provide the analogue in the
traditional CM, if it exists, and describe its meaning when applied to bias analysis. When
appropriate, we further de�ne the complement metric (comp metric = 1 � metric ).

ˆ Consistency Rate (CR) : The analogue to Accuracy (ACC) in the CM, this mea-
sures the proportion of instances where the original prediction remained the same in
the counterfactual scenario. It is calculated as (CP + CN )=(CP + CN + SP + SN).
Its complement is the Switch Rate (SR) , calculated as (SP + SN)=(CP + CN +
SP + SN). Although measuring the consistency of counterfactual predictions is not
new (Cornacchia et al. (2023a)), we formalise it based on the proposed CCM.

ˆ Positive Switch Rate (PSR) : Measures the proportion of instances originally pre-
dicted as negative that switched to a positive outcome in the counterfactual scenario.
It is calculated as SP=(SP + CN ) and stands as the equivalent to the False Positive
Rate (FPR) in the CM. Its complement can be de�ned as Negative Consistency
Rate (NCR) , whose equivalent in the CM is the Speci�city.

ˆ Negative Switch Rate (NSR) : Inversely, the NSR captures the fraction of original
positive predictions that switch to negative after the counterfactual changes. It is
calculated asSN=(SN + CP). The analogue in the CM is the False Negative Rate
(FNR). Its complement is de�ned as Positive Consistency Rate (PCR) whose
CM analogue is the Sensitivity or Recall.

ˆ Positive Consistent Precision (PCP) : This metric is equivalent to the Precision
in the CM, and is computed asCP=(CP + SP). It can be interpreted as the proportion
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of positive counterfactual predictions that are consistent before and after the counter-
factual changes. Its complement is de�ned as thePositive Switch Discovery Rate
(PSDR) , whose analog in the CM is the False Discovery Rate (FDR).

ˆ Counterfactual Matthew's Correlation Coe�cient (CMCC) : The counterfac-
tual version of the Matthew's Correlation Coe�cient (MCC) measures the alignment
between the original and counterfactual predictions. It keeps the favourable properties
of the original MCC, like being robust to unbalanced data (in this case the predictions,
not the ground truth). It can be computed as CP � CN � SP � SNp

(CP + SP)� (CP + SN )� (CN + SP)� (CN + SN )
.

These metrics provide a comprehensive view of the model's performance under counter-
factual conditions. To better assess the potential bias, one should compute these metrics
for the di�erent subgroups of the sensitive attribute (e.g., males and females whenSex is
the attribute) and compare the obtained results. One could use the absolute di�erence to
get a measure of group disparity or use a ratio for a relative disparity, especially if higher
sensitivity to small changes is desired.

For some of the metrics, higher values for one of the subgroups may suggest that the
model is biased against that subgroup, like the PSR, and PCP. For metrics like the NSR,
higher values for a subgroup may indicate that the predictions are biased in favour of that
subgroup. High values of the SR may indicate the presence of bias, but it's di�cult to
assess in which direction. Higher values for the CR, NCR, PCR, and PCP align with a
counterfactually fair model.

However, these metrics do not account for the ground truth. This allows to study model
bias independent from knowing the real labels of the population, especially important when
a system is in production. On the other hand, it may miss important context such as
the real prevalence or model correctness in speci�c subgroups in the training set, to better
evaluate if the model minimises, maintains, or ampli�es bias.

2.3.2 The Extended Counterfactual Confusion Matrix

We propose an Extended Counterfactual Confusion Matrix (ECCM) to allow the visuali-
sation of the relationship between the ground truth labels, or actual outcome prevalence,
with both the original and counterfactual predictions. In the binary scenario, the ECCM
is a 2� 4 matrix, de�ned in Figure 4. Its structure expands the CM, dividing each of the
original matrix cells into two (consistent and switched). For instance, the �rst two cells of
the �rst row (True Consistent Positives (TCP) and True Switched Negatives (TSN)) sum
up to the known True Positive (TP), and the two cells below (False Consistent Positives
(FCP) and False Switched Negatives (FSN)) the False Positive (FP). In turn, we note that
summing each 2-cell column results in the four cells of the CCM: CP, SN, SP, and CN.

Since the ECCM purpose is to easily evaluate CF bias, it is better utilised when drawn
for each group of the sensitive feature. For this reason, we propose a version of the ECCM
broken down into groups, depicted in Figure 11 in Appendix B. The inclusion of the real
outcomes allows to understand which instances are more challenging for the model. For
instance, if the switches occur mostly on initially correctly predicted samples, it indicates
the model is not well adapted to the new (counterfactual) subgroup.
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Figure 4: The Extended Counterfactual Confusion Matrix (ECCM).
Y - Ground Truth; Ŷ - Prediction for the factual(original) sample; ŶCF - Predic-
tion for the CF sample.

Considering the additional information about the actual outcomes, a new set of metrics
can be de�ned:

ˆ True Switch Negative Rate (TSNR) : Calculated as TSN=(TSN + FSN ), it
measures the proportion of instances originally correctly predicted as positives whose
CF predictions switch to negative. The complement is theFalse Switch Negative
Rate (FSNR) . Analogously, we can de�ne them for SP: theTrue Switch Positive
Rate (TSPR) and the False Switch Positive Rate (FSPR) .

These metrics allow a more detailed analysis on whether the counterfactual switches
are more prevalent in originally correct or wrong predictions (e.g., SN can originate
from TP or FP). However, we argue they are insu�cient when studied by themselves.

ˆ True Positive Switch Rate (TPSR) : This measures the proportion of TP that end
up switching (to negative) in the counterfactual setting. It's computed as TSN=TP.
Similarly, we can de�ne False Positive Switch Rate (FPSR) as the proportion of
FP that switch to negative in the counterfactual scenario, as computed byFSN=FP.
Additionally, we can de�ne the equivalent metrics for the negative predictions: the
True Negative Switch Rate (TNSR) and the False Negative Switch Rate
(FNSR) .

By comparing their values within a speci�c subgroup or between di�erent subgroups,
we can get a more comprehensive understanding of whether the model is more biased when
returning correct or incorrect predictions. This could help focus the mitigation e�orts on
the instances where the model currently fails, by collecting more diverse training data in
these samples' neighborhoods, adjusting the model's parameters, or other targeted bias
mitigation techniques. A summary of the proposed metrics can be found in Table 7 in
Appendix C.3.

Given the extensive suite of metrics and derived interpretations, we include a 
owchart
of the general evaluation process using our metrics, starting with those that evaluate the
overall consistency followed by more targeted metrics that highlight tendencies (Figure 5).
As a general approach, the evaluation starts within a subgroup by evaluating the overall

ips that occurred, given either by CR or CMCC. Then, for each class, one may verify if
there is any noticeable tendency with PSR and NSR. If the data is not labelled or if we
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suspect label biases, the evaluation might end here. Otherwise, we can draw the extended
version of the CCM to have a �ner look into the switch patterns. As a rule of thumb,
switches in TP or True Negative (TN), marked by TPSR and TNSR, are more telling
as the model was con�dently correct in these instances, and the 
ips are more alarming.
However, complementing with FPSR and FNSR may help identify the best course of action
and if the problem is more an issue of optimisation or lack of representation.

To make the suggested work
ow more speci�c, let's consider a hypothetical scenario, of
a loan approval model.
Step 1: Problem De�nition

Context: The loan approval model was trained on a dataset containing features like
income, credit score, and a sensitive attribute such as race.

Goal: Ensure eligible individuals are granted a loan with minimal occurrences of ineli-
gible individuals that receive loans (FPs). Thus, we wish to optimize the precision.

Fairness concern: Minimising di�erences in precision between sensitive groups (PredP).
Step 2: Model Evaluation Using the ECCM

Action: Apply the ECCM to compare the model's predictions with CF predictions
where the race attribute is altered and other features are adjusted to remain plausible.

Group Fairness: Let's assume the model has minimal bias in terms of PredP.
Counterfactual Metrics: The ECCM reveals that individuals from a particular racial

group are consistently less likely to receive loan approval in counterfactual scenarios (e.g.,
high NSR) for this group). Other metrics can suggest that the change in group membership
made the model deny the loan to several eligible individuals (high TPSR for this group)
and wrongly attribute more loans to ineligible individuals of the other group (high TNSR
for the latter group).

Interpretation: General bias against a group where the model `favours' the other.
Step 3: Bias Mitigation

Action: Since group fairness metrics did not reveal signi�cant bias, mitigate counter-
factual metrics using data augmentation with CFs.
Step 4: Iteration

Action: CF-based augmentation may have an impact on group fairness metrics. Go
back to Step 2 and reevaluate accordingly.

Possible Problem: Increase in group bias and decrease in performance. In this sce-
nario, a possible solution would be to reduce the set of CFs used for augmentation, using
a selection technique appropriate to the problem objective. In this case, selecting a small
number of CF samples for which the model switches the output from TPs to False Negatives
(FNs) may be su�cient to achieve better results.

2.4 Probability-based Counterfactual Analysis

In classi�cation tasks, the model output typically is a score representing the model's con-
�dence or an uncalibrated probability. To reach a �nal outcome, required for the previous
analyses, a threshold is applied (50% by default in binary problems). However, even when
the original and counterfactual predicted outcomes are identical (CR = 100%), important
insights may be overlooked. As an example, and assuming the usual decision threshold of
50%, if positive samples in a subgroup score 90%, but drop to 55% in the counterfactual
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Figure 5: Flowchart of the evaluation process using the proposed Counterfactual Metrics,
abiding by a general approach. Green boxes o�er some guides on interpreting
results, whereas blue boxes suggest some actions to perform based on the results.

setting, the binary decision remains consistent, yet the variation in scores indicates potential
bias. To address this, we introduce new metrics that consider these underlying probability
scores.

2.4.1 Mean Counterfactual Differences

Let m(sk ) be the output of model m for sample sk , or its con�dence score. Additionally,
sCF

k is the counterfactual version of samplesk , where the sensitive feature is changed, and
correlated features adjusted for plausibility. We can de�ne Root Mean Squared Counterfac-
tual Di�erences (RMSCD) that is ananalogueg to the Root Mean Squared Error (RMSE)
used in error analysis:

vu
u
t 1

n

nX

k=1

(m(sCF
k ) � m(sk ))2 (5)

We chose speci�cally the RMSE version since in this case we're dealing with values in
the interval [0; 1]. In this context, the di�erences, in percentage, are more easily interpreted
when using the root mean squared di�erences.

2.4.2 Distribution Shifts

Another approach to compare con�dence scores' di�erences in the original versus the coun-
terfactual scenarios is to analyse how the score distributions deviate. In case the outcome is
entirely independent of the sensitive feature, both distributions should be identical (minus
some possibly negligible random factor). One way to achieve this goal is to use the Kull-
back{Leibler Divergence (KLD), also known as relative entropy and de�ned asDKL (P jjQ),
to measure how a PDFP deviates from a second distributionQ.
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DKL (P jjQ) =
nX

i =1

P(i ) log
P(i )
Q(i )

(6)

In our counterfactual context, we can de�ne P as the distribution of original prediction
scores, andQ the corresponding distribution for the counterfactual predictions. DKL is not
a metric, in the sense that it is not symmetric, and we choose this ordering, since usuallyP
represents the observations, whileQ might represent a theory or a model ofP. As expected,
a high value for DKL as computed for a speci�c subgroup suggests the presence of model
bias. If a proper (symmetric) metric is desirable, we can take the average ofDKL (P jjM ) and
DKL (QjjM ), whereM = 1

2(P + Q) (the average distribution), known as the Jensen-Shannon
Divergence (JSD), introducing the Jensen-Shannon Counterfactual Divergence (JSCD).

2.5 Use Cases

While the goal is to analyse model bias, the proposed framework is model-agnostic and
data-centric. As such, this subsection details the datasets employed for testing, outlining
the objectives and key aspects for a comprehensive evaluation.

To ensure robust metrics and fair evaluation across di�erent model architectures, we
employed a cross-validation approach. Each dataset was divided into �ve train-test folds,
with each fold used for testing exactly once, resulting in �ve distinct models trained on the
remaining folds. Since there is no overlap between test samples, the results from individual
test folds were aggregated into a single matrix, allowing for more reliable conclusions due
to the increased sample size.

We then describe two chosen use cases, both with clinical applications: one using private
data and the other using a publicly available dataset, highlighting the di�erent facets of our
framework.

2.5.1 CardioFollow.AI

CardioFollow.AI is a project aimed at providing continuous remote care to patients following
hospital discharge after cardiac surgery (Ribeiro et al. (2023); Santos et al. (2023); Curioso
et al. (2023)). The dataset includes a broad range of information, such as demographic
data, preoperative risks, pre-existing conditions, procedural details, and chronological data
(e.g., pre- and post-operative periods, time in intensive care, and time until discharge).
The target variable is the occurrence of post-surgery complications, with a signi�cant class
imbalance (7.4% positives, 92.6% negatives). Further details can be found in Appendix D.

The current model in practice was optimised for prompt positive outcome identi�cation,
using a minimal eight-feature set. It relies on a Random Forest classi�er, trained with
Threshold Optimisation with 5-fold cross-validation to maximise recall, which is crucial for
timely preventive healthcare interventions. The following experiments are based on this
model's architecture.

2.5.2 Heart Disease

Heart Disease is a public dataset from the UCI Machine Learning Repository (Asuncion
and Newman (2007)). It contains clinical and non-invasive test records from 303 patients
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at the Cleveland Clinic, 425 patients at the Hungarian Institute of Cardiology, 200 patients
at the Veterans Administration Medical Center in Long Beach, California, and 143 patients
from the University Hospitals in Zurich and Basel, Switzerland (Detrano et al. (1989)). The
goal is to predict Coronary Artery Disease (CAD) attested by angiography results, graded
by severity from 0-4 following the Coronary Artery Disease Reporting and Data System
(CAD-RADS) (Kumar and Bhatia (2022)). An alternative goal is to simply detect the
presence/absence of vessel occlusion. The patients went through three non-invasive tests:
exercise electrocardiogram, thallium scintigraphy, and cardiac 
uoroscopy. The dataset
comprises 66 features, from demographic information,Age and Sex, risk factors, family
history, diabetes, cholesterol, and smoking history. Personal identi�able data, such as the
name, ID and social security number were excluded.

During preprocessing, the dataset was substantially reduced to 581 samples and 38
features, due to a high rate of missing values. To grant better results, the task under
analysis is the binary identi�cation of coronary disease. Because FNs sustain a higher risk
for the patients than FPs, the preferred performance parameter is recall (Recall or True
Positive Rate (TPR)). The prevalence of the disease in the processed dataset is 62:9%.

3 Results and Discussion

The proposed counterfactual bias evaluation framework was validated on the two primary
use cases, leveraging the Counterfactual Confusion Matrix (CCM) and the derived metrics.
Additional use cases and their detailed analyses can be found in Appendix F.

A key aspect of our research lies in the framework's ability to deepen model evaluation,
revealing biases potentially overlooked by conventional approaches. While standard metrics
provide valuable insights into fairness concerns, they may fail to capture nuanced biases
under the counterfactual setting. Our case studies aim to provide a comprehensive fairness
evaluation in ML models, uncovering hidden biases and proving the e�ectiveness of our
approach in highlighting unnoticed inequalities in complex real-world scenarios. We will
focus on key metrics to present our empirical �ndings. Each use case is unique and best
described with its most prominent metrics in terms of deviation from the ideal. As di�erent
models are compared in each experiment, the evolution of these values is also noted. To
better guide the reader, the values mentioned in the text body, considered to be the most
descriptive, are highlighted in bold in the correspondent tables.

3.1 CardioFollow.AI

In ML, bias is typically linked to fairness, particularly regarding protected attributes. How-
ever, analysing other features may also yield critical insights into the model's behaviour.
This section discusses bias analysis for the smoking status feature. For reference, the reader
may �nd the results for the sensitive feature Sexin Appendix F.2.4.

Smoking is a well-established risk factor that increases the probability of several lung
and heart diseases (Gallucci et al. (2020)). As such, it seems reasonable to assume that the
model would perform relatively well for individuals exhibiting this risk factor. However, the
model underperforms for smokers, hinting at a dataset representational bias. As shown in
Table 3, the TPR for the testing subset of non smokers is 74:6% and 71:4% for smokers.
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In this use case, di�erent sets of CFs were used. The base model mirrors the architecture
described in Section 2.5.1, noting that the sensitive feature is not included in the model.

3.1.1 Detecting Bias

CFs generated without Domain Knowledge
Since smoking is correlated with most of the complications and preconditions, it seems

reasonable to allow all the features to be adjusted when generating CFs. WhileEOdds =
3:2p:p: (TPRNS = 74:6% - TPRS = 71:4%) is not strictly signi�cant, the resulting ECCM
displayed in Figure 8 reveals a slight bias, associating non smokers with positive out-
comes (post-surgery complications), supported by aTNSRS! NS = 22:8%. Simultane-
ously, smokers are more linked to negative outcomes (uneventful recoveries), evidenced by
TPSRNS ! S = 13:7%.

CFs generated by removing correlation with the Sex feature

Figure 6: Kernel Density Estimation of the normalised Height of smokers and non smokers
in the original dataset(Left) and in the dataset augmented with SexCFs(Right).

A preliminary analysis found that Smoking is highly correlated with male patients in
this dataset (88:0% of smokers are male). Moreover, the PDF of the patient's height is
skewed to higher values in relation to non smokers (see Figure 6), which can in
uenced
by the former correlation with sex. While height is not strictly related to smoking and
could be easily excluded from the CF generation process, there are features related to both
sex and smoking habits. For example, one side e�ect of smoking is the loss of appetite,
which leads to smokers having on average a lower Body Mass Index (BMI). Weight can
also be tied to the individual's sex, with men being generally heavier. For this reason,
when switching from smoker to non smoker, because most smokers are men, whereas non
smokers have approximately the same sex representation (52:3% female and 47:7% male),
the tendency is to decrease the weight when the opposite would be closer to a real-world
scenario. With these considerations, we balanced the representation by augmenting the
dataset with Sex-based CFs, before generating the CFs regardingSmoking. These auxiliary
CFs were generated only allowing changes in the features that should be related to the
patient's sex, as described in Appendix F.2.4.
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Table 2: Performance and Counterfactual Metrics referring to the base model trained on
the CardioFollow.AI data, considering the sensitive featureSmokingwith di�erent
sets of CFs.

CFs without decorrelation Decorrelated CFs
MCC (%) " 12.1 13.0 11.8 12.1 13.0 11.8
TPR (%) " 73.5 71.4 74.6 73.5 71.4 74.6
TNR (%) " 50.2 52.8 49.0 50.2 52.8 49.0
SR (%)# 10.4 14.6 8.4 14.6 28.8 7.6
CMCC (%) " 79.1 72.6 84.1 71.1 51.1 85.3
PSR (%)# 9.2 24.7 1.1 20.5 55.3 2.4
NSR (%)# 11.6 4.0 15.0 9.0 1.4 12.4
TPSR (%) # 9.8 2.6 13.7 8.0 2.6 10.9
TNSR (%) # 8.6 22.8 1.2 20.2 54.5 2.4
FPSR (%)# 11.8 4.2 15.2 9.1 1.2 12.6
FNSR (%) # 26.4 66.1 1.0 28.9 72.6 1.0
RMSCD # 0.046 0.058 0.039 0.059 0.090 0.036
JSCD # 0.038 0.038 0.027 0.048 0.047 0.026

Total S! NS NS ! S Total S! NS NS ! S

Figure 7: ECCM for the base model trained on the CardioFollow.AI data, considering the
Smokingas sensitive feature with di�erent sets of CFs. Left: CFs generated with-
out removing correlation with the feature Sex; Right: CFs generated by removing
correlation with the feature Sex.
Y - Ground Truth (0 for Uneventful Recoveriesand 1 for Post-surgery Compli-
cations); G - Group (S for Smokerand NS for Non Smoker); Ŷ - Prediction for
the factual(original) sample; ŶCF - Prediction for the CF sample.

Statistically, combining the original training set with the Sex-base CFs, aids in elimi-
nating correlations between sex and every feature that was not included in the generation
process. As smoking is part of the non-included features, there is now an equivalent fe-
male smoker for every real male smoker. This process aligned the mean height values for
smokers and non-smokers, as depicted in Figure 6. Subsequent analysis with this re�ned
set of CFs showed an increased tendency to associate non-smokers to positive outcomes
(TNSRS! NS = 54:5%).
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3.1.2 Mitigating Bias

We assessed the impact of CF augmentation on performance and bias, focusing on CFs
decorrelated from Sex. A parallel experiment using CFs without this decorrelation is de-
scribed in Appendix F.2.5.

Data Augmentation using CFs without Selection
A �rst experiment with all generated CFs revealed, as shown in Table 3, reduced switches

from TNS to FPNS (TNSRS! NS = 43:1%, TPSRNS ! S = 2 :1%) but an aggravated TPR
disparity between groups. This suggests a model seemingly more counterfactually fair,
whereas it is still not able to reliably predict complications for smokers.

Data Augmentation using CFs with Selection
SinceSmokingis a risk factor, intuitively, there are some logical implications that can be

drawn. For instance, it is expected that if a non-smoker had complications, then if this pa-
tient smoked, they would also have complications due to the added risk only impairing their
recovery. Similarly, if a smoker did not have complications post-surgery, then if they did
not smoke, they would most likely not have complications as well. However, the remaining
scenarios are more challenging to deduce the result. This hypothesis was tested by conduct-
ing augmentation with only selected CFs that obey these rules. This method essentially
teaches the model about the added risk of smoking. However, an increased risk does not
equal certainty, and thus not all CFs should be included, otherwise, the model would over�t
on this feature. Some experiments led to the conclusion that, in this use case, a fraction of
10% allows to mitigate some of the existing CF bias, while increasing the performance for
positive outcomes for smokers (TPRS = 71:9%) and non-smokers (TPRNS = 75:7%). The
PredP remained low at 3:8p:p:. The model's overall performance also improved slightly to
positive outcomes (TPR = 74:3%), but decreased for negative outcomes to a Speci�city or
True Negative Rate (TNR)= 49 :5%. These metrics are summarised in Table 3.

Figure 8: ECCM for the base model trained on the CardioFollow.AI data, considering the
Smoking as sensitive feature, and using data augmentation with CFs generated
by removing correlation with the feature Sex. Left: Model augmented with all
the CFs; Right: Model augmented with directed CFs.
Y - Ground Truth (0 for Uneventful Recoveriesand 1 for Post-surgery Compli-
cations); G - Group (S for Smokerand NS for Non Smoker); Ŷ - Prediction for
the factual(original) sample; ŶCF - Prediction for the CF sample.
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Overall, the consistency of the predictions increased (CMCC = 74:8% vs 71:1% - base
model vs 51:7% - augmentation with all the CFs). Following the risk factor intuition
introduced before, we focus on the most relevant metrics suggesting reduced bias compared
to the base model: TPSRNS ! S - decreased from 10:9% to 4:2%, TNSRS! NS - reduced
from 54:5% to 40:6%, and regarding the other direction, whereFNSRNS ! S increased from
1:0% to 35:5%, and FPSRS! NS slightly rose from 1:2% to 6:0%.

The FNSRNS ! S = 35:5% indicates the model may associate non smokers with not hav-
ing complications, which in turn is countered by a still considerableTNSRS! NS = 40:6%.
There is a trade-o� between these metrics. Nevertheless, given the overall improvements,
we consider the augmentation successful in reducing model bias. In relation to augmenta-
tion without CFs selection, these metrics improve with the exception of a slight increase in
TPSRNS ! S from 2:1% to 4:1%.

Table 3: Performance and Counterfactual Metrics for the base model trained on the Car-
dioFollow.AI data, considering the sensitive featureSmoking, and using data aug-
mentation with CFs generated by removing correlation with the feature Sex.

Augmentation Method
Base Model All CFs Directed CFs

MCC (%) " 12.1 13.0 11.8 10.6 9.6 11.3 12.2 12.8 12.0
TPR (%) " 73.5 71.4 74.6 71.5 66.4 74.4 74.3 71.9 75.7
TNR (%) " 50.2 52.8 49.0 49.3 51.6 48.2 49.5 52.0 48.4
CMCC (%) " 71.1 51.1 85.3 51.7 52.2 58.4 74.8 56.8 84.5
TNSR (%) # 20.2 54.5 2.4 15.2 43.1 0.8 20.3 40.6 9.8
FNSR (%) # 28.9 72.6 0.0 74.3 80.8 69.4 45.5 60.7 35.5
TPSR (%) # 8.0 2.6 10.9 1.9 1.4 2.1 3.4 1.9 4.2
FPSR (%)# 9.1 1.2 12.6 34.0 7.4 46.0 5.4 6.0 5.2
RMSCD # 0.059 0.090 0.036 0.155 0.110 0.173 0.063 0.095 0.038
JSCD # 0.048 0.047 0.026 0.139 0.075 0.139 0.048 0.063 0.031

Total S! NS NS ! S Total S! NS NS ! S Total S! NS NS ! S

This experience presents some of the challenges of handling datasets with underrepre-
sented groups and highlights the need for domain knowledge in generating CFs. Further-
more, it illustrates that even if the sensitive feature Smoking is not included in the model
training, the model can still yield di�erent predictions for plausible CFs through correlated
features.

3.1.3 Fairness-Performance Trade-offs

The conducted experiment details the statistical alterations resulting from data augmen-
tation with CFs, exploring the aspects relating to group and counterfactual fairness. This
section will re
ect on the trade-o�s presented by `optimising' fairness and the repercussions
on performance.

Using group fairness metrics as an objective measure of fairness while keeping in mind
the improvement in counterfactual metrics described in previous sections, the presented
comparison focuses on classic performance metrics and their parity. Since the dataset is
unbalanced, we focused on MCC, TPR and TNR, presenting ACC and Precision or Positive
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Predicted Value (PPV) as valuable in terms of variation from the base model to the model
achieved with the most successful mitigation strategy for each conducted experiment.

Table 4: Performance Metrics for: the base model trained on the CardioFollow.AI data and
trained on the data augmented with directed CFs, considering the sensitive feature
Smoking (Section 3.1).

CardioFollow.AI
51.9 54.2 50.7 3.5 Base

ACC(%) "
51.3 53.5 50.2 3.3 Aug.

Variation(p.p.) - 0.6 - 0.7 - 0.5 - 0.2
12.1 13.0 11.8 1.2 Base

MCC(%) "
12.2 12.8 12.0 0.8 Aug.

Variation(p.p.) 0.1 - 0.2 0.2 - 0.4
73.5 71.4 74.6 3.2 Base

TPR(%) "
74.3 71.9 75.7 3.8 Aug.

Variation(p.p.) 0.8 0.5 1.1 0.6
50.2 52.8 49.0 3.8 Base

TNR(%) "
49.5 52.0 48.4 3.6 Aug.

Variation(p.p.) - 0.7 - 0.8 - 0.6 - 0.2
10.0 11.3 9.5 1.9 Base

PPV(%) "
10.0 11.2 9.5 1.8 Aug.

Variation(p.p.) 0.0 - 0.1 0.0 - 0.1
Total S! NS NS ! S kParity k

When delving into fairness and bias mitigation, a critical discussion is whether, by
attempting to mitigate bias, we are actively interfering and prejudicing the `privileged'
group in question, or, in some cases, every group at di�erent rates. On the extreme, it
may be asked if by attempting to solve fairness concerns, we are enabling the model to
achieve worse results in favour of an idealised `equality'. Regarding these concerns, we were
conscious of the e�ect of our attempts to mitigate bias regarding performance 
uctuations.
Although trade-o�s are expected and sometimes unavoidable, our e�orts were guided by
optimising both performance and fairness. In Table 4, we verify that augmentation with
CFs did not particularly deteriorate performance metrics, keeping the values within close
range. The best performance for each metric, before or post-mitigation, is highlighted in
bold.

The results for the CardioFollow.AI usecase show a slight improvement in TPR, by
0:8p:p:, with a decrease in TNR by 0:7p:p:, alongside an improvement in counterfactual
metrics. The accuracy also decreased by 0:7p:p:, but the performance was maintained for
MCC, which accounts for class imbalance. In terms of group fairness, the disparity in TPR
slightly increased, noting that the metric improved for both groups, EOpp = 3 :2 % 3:8 p:p:.
In contrast, the disparity among TNR slightly decreased PredEq = 3 :8 & 3:6 p:p:.

3.2 Heart Disease Dataset

3.2.1 Comparing CF generation methods

Following the architecture presented by Black et al. (2020) and the provided code (Yeom
(2020)), this section compares their approximate method to optimal transport adapting
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Wasserstein GANs, with our controlled generation process in terms of time e�ciency and
applicability. We note that we could not successfully train the GAN models for the Car-
dioFollow.AI dataset, within the time budget available. The process did not result in
appropriate subgroup changes, needed for our framework (Figure E.2).

Time E�ciency To evaluate the time e�ciency of the generation processes, the methods
were run ten times for the Heart Disease dataset, described in Section 2.5.2. The public
code requires that a GAN is trained for each directed combination of groups. As such,
considering the sensitive featureSex, it was necessary to train a GAN to generate `males'
from `females' and another for the mirrored scenario. Given the objectives of our framework,
the label of the CFs should remain the same. To ensure that, the data should be further
sectioned by label, thus requiring training four distinct GANs. To mirror our process of
generating plausible CFs, we trained another set of GANs with the plausible features.

Our method takes on average 16:69 � 0:13 seconds to run whereas the combination of
the four GANs takes on average 232:26� 28:04 seconds (approximately 14 times slower),
granted that only CPU processing was used in these experiments1.

If we generate CFs accounting for domain knowledge, only allowing changes in speci�c
features, then our average run time is decreased to only 0:98 � 0:01 seconds. Still, the
combination of the four GANs trained on the plausible set of features took on average
182:72 � 5:19 seconds. Our process can be further improved using multiprocessing since
the generation of CFs is independent for each sample. The generative approach can run
on GPU and improve training time. Moreover, depending on the dataset, the results may
vary. In this particular instance, 500 epochs were needed to achieve proper representation.
Additionally, we used the same architecture for the four GANs, but in practice, it could be
challenging to incur in this route.

Comparing Counterfactuals To study the CFs, we follow a similarity criterion between
factuals and counterfactuals, calculating the cosine similarity for each pair. Additionally,
we used dimension reduction methods and clustering to identify which CFs di�er between
our method and the GAN-based generation. The GAN-based approach keeps the pairs
closer, with an overall median of 0:892, whereas our method's median stands at 0:846 (see
Figure E.1 for a boxplot). Nevertheless, minimal changes may fall short from achieving
proper CFs for our intended use. For instance, sensitive subgroups may have some overlap
for a given feature subspace, which may signify di�erent things for the group. For example,
men and women can have the same body fat percentage but belong to di�erent parts of
the spectrum within their group since women typically have higher essential fat Bredella
(2017). Here, a minimal change would fail to account for this scenario. Our method,
based on statistical tools and domain knowledge considers these scenarios. The GAN-based
method ideally avoids this by matching whole populations, but since it is not deterministic,
it may still fall into this error. On the other hand, GANs' ability to learn inter-feature
relations may contribute to more realistic CFs, a feature that may be a double-edged sword
if there are undesirable or over-represented patterns in the training data.

1. Machine Specs
Processor : 12th Gen Intel(R) Core(TM) i7-1255U 1.70 GHz
RAM : 16,0 GB
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To further study the di�erences between CFs results, we used Uniform Manifold Approx-
imation and Projection (UMAP) to reduce dimensionality, applied to the set of plausible
features, as the remaining features are unchanged. In the reduced space we started by
mapping the trajectories from original samples to their counterfactual counterparts (see
Figure E.1). Then, we used K-Neighbors Clustering to assign samples to eight di�erent
clusters. Finally, we calculated histograms for various features to �nd those with greater
di�erences between the generation methods for di�erent cluster assignments. As an exam-
ple, we highlight the feature restecg that measures anomalies in the ST-T segment. This
measure's e�cacy has been reported as di�erent for men and women, where the risk factor
is reportedly more reliable for men than women (Elhendy et al. (1999))2. We can thus infer
that the value of this feature should vary when generating CFs. Our method made such
changes in several instances, whereas the GAN-based method did not change this value for
any CF (see Figure E.1). While the e�ective quality of the CFs may not be easily assessed,
this example showcases a potential 
aw when generating CFs with GANs as it may miss
subtle patterns that can have a greater impact in the speci�c application. Our method,
while with space for improvement, has the bene�t of more controlled outputs.

3.2.2 Detecting Bias

Figure 9: ECCM for the base model trained on the Heart Disease dataset, considering the
sensitive feature Sex for CFs generated using a GAN or our method allowing
changes in plausible features.
Y - Ground Truth (0 for Free from CAD and 1 for Signs of CAD); G - Group (M
for Male and F for Female); Ŷ - Prediction for the factual(original) sample; ŶCF

- Prediction for the CF sample.

To evaluate the congruence and similarity between our CFs and the generated by the
GAN, we trained the model and evaluated it in two phases as for the other experiments.
Thus, using the de�ned plausible CFs for each generation process, we drew the ECCM for
a base model and a model trained on the data augmented with CFs. Starting with the base
model, we verify that the overall interpretation is similar (Figure 9).

The model seems to be prone to associate females with not having CAD marked by high
NSRM ! F and PSRF ! M (see Table 5). However, comparatively to the CFs generated with
the GAN( NSRM ! F = 31:7% and PSRF ! M = 23:4%), our CFs accuse more pronounced
tendencies, (NSRM ! F = 54:0% and PSRF ! M = 31:8%). Note that the performance
metrics are the same. Only the counterfactual metrics vary since it is the same model. The

2. The Heart Disease dataset dates to 1988, supporting this reference that describes issues prior to 1999.

23



Pinto, Carreiro et al

counterfactual metrics are on pair with group fairness metrics marked by higher TPR for
men and higher TNR for women.

Table 5: Performance and Counterfactual metrics for base model trained on the Heart Dis-
ease dataset, considering the sensitive featureSexfor CFs generated using a GAN
or our method allowing changes in the `plausible' features.

Our Method GAN
MCC (%) " 60.3 74.1 53.8 CMCC (%) " 39.1 61.7 43.6 61.0 69.6 62.7
ACC (%) " 81.4 88 80 SR (%)# 35.6 22.7 38.2 21.3 16.7 22.2
TPR (%) " 85.8 72.7 87.3 PSR (%)# 11.3 31.8 1.4 7.7 23.4 0.0
TNR (%) " 74.1 96.8 65.1 NSR (%)# 49.8 0.0 54.0 29.2 0.0 31.7

Total F M Total F! M M ! F Total F! M M ! F

3.2.3 Mitigating Bias

Figure 10: ECCM for the base model trained on the Heart Disease dataset, considering
the sensitive featureSex for CFs generated using a GAN-based method or our
method allowing changes in plausible features.
Y - Ground Truth (0 for Free from CAD and 1 for Signs of CAD); G - Group
(M for Male and F for Female); Ŷ - Prediction for the factual(original) sample;
ŶCF - Prediction for the CF sample.

To evaluate the e�ectiveness of the generated CFs in mitigating bias, we experimented
with augmentation using all or only the switched CFs for each generation method. Results
are presented in Table 6. Since the CFs for both approaches are di�erent, the CF metrics
are not comparable. Instead, we analyse the individual impact of augmentation versus the
original values.

Both sets of CFs were e�ective in mitigating some bias while maintaining overall per-
formance. For the CFs generated with the proposed method, we verify that augmentation
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Table 6: Performance and Counterfactual Metrics referring to the base model trained on
the Heart Disease dataset augmented with CFs generated using a GAN or our
method allowing changes in plausible features, considering the sensitive feature
Sex.

Our Method GAN-based (Black et al. (2020))
All CFs Switched CFs All CFs Switched CFs

ACC (%) " 80.0 88.0 78.4 81.1 88.7 79.6 82.4 87.3 81.4 82.0 89.3 80.5
MCC (%) " 57.9 73.9 51.2 59.7 75.3 52.8 63.0 72.6 58.5 62.0 76.8 55.8
TPR (%) " 82.9 76.4 83.6 86.6 80.0 87.3 84.4 81.8 84.7 85.5 81.8 85.9
TNR (%) " 75.3 94.7 67.6 72.3 93.7 63.9 79.2 90.5 74.7 76.5 93.7 69.7
CMCC (%) " 74.4 69.1 73.4 63.8 68.8 64.9 90.0 88.4 89.7 87.4 82.4 87.5
SR (%)# 12.2 14.0 11.8 18.1 18.0 18.1 4.8 5.3 4.7 6.0 8.0 5.6
PSR (%)# 16.8 13.6 18.1 13.0 27.0 6.5 6.6 3.1 7.8 6.0 7.1 5.5
NSR (%)# 9.2 14.9 8.6 20.9 0.0 23.0 3.6 9.3 2.9 6.1 9.8 5.7

Total F! M M ! F Total F! M M ! F Total F! M M ! F Total F! M M ! F

with all CFs was more e�ective in minimising switches, (CMCC = 74:4% vs 63:8% - Aug-
mentation with switched CFs vs 39:1% - Base Model). However, adding only switched CFs
achieved greater overall performance (MCC = 59:7% vs 57:9% - Augmentation with all
CFs vs 60:3% - Base Model). The augmentation with switched CFs was able to mitigate
the PSRF ! M from 31:8% to 27:0% and NSRM ! F from 54:0% to 23:0%. As for CFs gen-
erated with the GANs, the augmentation was also e�ective. Adding only switched CFs, the
PSRF ! M decreased from 23:4% to 7:1% and NSRM ! F from 31:7% to 5:7%. Concerning
group fairness, adding the GANs' CFs was more e�ective in mitigating group bias, with
EOpp = 4 :1p:p: vs 7:3p:p: - Augmentation with our switched CFs vs 14:6p:p: - Base model;
P redEq = 24:0p:p: vs 30:2p:p: - Augmentation with our switched CFs vs 31:7p:p: - Base
model. In terms of performance, adding our CFs achieved slightly better results for positive
outcomes (TPR = 86:6% vs 85:5% - Augmentation with GANs' switched CFs vs 85:8% -
Base model) while GAN-based CF augmentation was more e�cient for predicting negative
outcomes (TNR = 76:5% vs 72:3% - Augmentation with our switched CFs vs 74:1% - Base
model).

4 Conclusions and Future Work

The proposed framework for bias evaluation extends the concept of Counterfactual Fairness,
aggregating individual metrics into a more comprehensive group-based analysis. Counter-
factual sample generation is a key step, and this work introduces a methodology to create
CFs based on training set statistical distributions to increase plausibility. As a result, not
only the sensitive feature but other, possibly correlated features, are also adjusted in the
counterfactual scenario. Notably, our framework can be applied even when omitting the
sensitive feature from the learning stage, allowing to still evaluate model bias. Additionally,
domain knowledge can be leveraged to reach a more realistic counterfactual setting (e.g.,
by only allowing a subset of features to be adjusted, even if others are - spuriously - sta-
tistically related). Our method is less strict than a purely causal model, required by other
counterfactual fairness methods, while still providing insights on how to improve the model.
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It is a user-friendly agnostic approach suitable as a �rst line for bias assessment. We note,
however, the impact that the generation process has on interpreting model bias, as it may,
by itself, introduce additional bias. Given this, when ensuing into fairness assessment it is
important to clearly evaluate the dataset, identify relations and corroborate them through
scienti�c evidence and align expectations with the fairness requirements. Even then, certain
patterns, biased or not, are often missed, as shown for an alternative GAN-based approach
for CFs generation. Our methodology calls for a conservative approach when selecting re-
lated features, acknowledging the context application and relevancy of said feature not only
to the sensitive attribute but to the problem itself. While this may pose a challenge, we
believe that data engineering and careful research are imperative when dealing with sen-
sitive topics. Moreover, the proposed generation process can be more or less constricted,
limiting the maximum depth, as well as adapting threshold 
ips. Through experimentation
and validation of CFs, for instance, one can assess if they would be considered outliers in
the new group, or observe changes in group fairness when using them for data augmen-
tation. The method is suited for larger datasets as there are more points of reference for

ips and the precision point for metrics also increases. More complex models with larger
feature space may pose a challenge in preliminary steps when choosing the features and are
more computationally demanding. Nevertheless, there is the bene�t of less general features,
though further testing would be required to assess the process e�ciency.

By relying more super�cially on existing representations, our approach ensures plausible
changes, avoiding implausible inter- and extrapolations, thus providing a more reliable
evaluation of model bias. Although not the core contribution of this work, we propose
an alternative CF generation approach, compared to that of Black et al. (2020). Our
approach o�ers �ner control over the generation process to capture subtle patterns, and it
excels in computational e�ciency, avoiding training additional models. Still, if successfully
trained, the generative approach may be used as an augmentation source to improve both
performance and fairness.

Aiming to facilitate model bias analysis with an aggregated perspective, this work in-
troduces a new take on the Confusion Matrix, tailored to a counterfactual setting. The
Counterfactual Confusion Matrix (CCM) and its extended version ECCM provide clear
and e�cient means to assess the susceptibility of a model to changes in a speci�ed sensitive
attribute. As an agnostic instrument, it is extremely 
exible to di�erent tasks, and while
it has only been demonstrated in binary classi�cation tasks for binary sensitive features,
it can be employed without loss of generalisation to categorical features and multiclass
problems. The derived metrics o�er valuable insights into the presence of bias and how it
impacts speci�c subgroups. Moreover, the ECCM allows a more granular view on potential
bias sources, such as the model's higher susceptibility when making Type-I errors. These
insights could facilitate targeted bias mitigation.

We demonstrated the applicability and complementarity of our framework in real-world
datasets. The �ndings support the need for a new perspective, as existing bias mitigation
techniques focusing on speci�c metrics may inadvertently compromise other important fair-
ness criteria. Furthermore, our work showcases the 
exibility of using CFs for mitigation
techniques, through di�erent selection methods to ensure more credible results, supported
by domain knowledge; and e�ciency, by �ltering the not consistent CFs.
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In future research, we aim to enhance the generation process by integrating the ben-
e�ts of generative models for improved robustness and incorporating Human-in-the-loop
methodologies for added control. We also intend to explore alternative data sources, like
real-world statistics to avoid local biases. The bias evaluation metrics will undergo a formal
review, focusing on trade-o� analysis akin to ROC curves. Moreover, we will investigate
how to incorporate our �ndings into model �tting as constraints. Concerning bias mitiga-
tion, we will explore how to streamline the use of selectively curated CFs during learning
to minimise data redundancy. Additionally, the framework's scope could extend to assess
model robustness from di�erent perspectives, such as improving out-of-distribution cover-
age, thereby enhancing decision-support systems to bene�t society at large.

Broader Impact Statement

This work introduces a novel framework for evaluating and mitigating bias in ML ap-
plications, extending the counterfactual setting to a group-based analysis. Our approach
o�ers a new perspective in bias analysis, contributing to the �eld of AI fairness, while em-
phasising the critical role of domain knowledge in creating plausible CFs for evaluation and
augmentation.

The potential misuse of the counterfactual generation process, if not grounded in domain
expertise, can inadvertently introduce biases, oversimplifying complex societal issues. Thus,
we highlight the importance of incorporating diverse, real-world knowledge and perspectives,
to be improved in future research. As we stress that bias in ML is highly context-dependent,
our framework should be integrated with other fairness metrics for a holistic analysis, rather
than used in isolation. This will ensure the proposed methodology not only identi�es bias
but also accurately supports its interpretation, contributing to the development of equitable
AI systems that are more inclusive, representative, and bene�cial for society.
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Appendix A. Pseudo-Code of the Counterfactual Generation Process

Algorithm 1 Counterfactual Generation
1: procedure GenerateCounterfactuals (TrainingSet, Samples, PotentialFea-

tures=[BinaryFeatures, CategoricalFeatures, ContinuousFeatures], SensitiveFeature,
minThreshold, maxDepth)

2: Initiate SamplesCF as a copy ofSamples
3: for each featuref i not in BinaryFeatures do
4: Calculate P y

g of f i in the T rainingSet for each groupg in SensitiveFeature
5: and label y
6: for each samplesk in SamplesCF do
7: if f i is in ContinuosFeatures then
8: Interpolate to �nd v0

k;i in CDF P y
gCF based onvk;i in P y

g

9: else if f i is in CategoricalFeatures then
10: Find closest valuev0

k;i in CDF P y
gCF based onvk;i in P y

g

11: end if
12: end for
13: end for
14: for each samplesk in SamplesCF do
15: Flip value of SensitiveFeature
16: sk = F lipBinaryFeatures (sk ; BinaryFeatures; T rainingSet label= y ;
17: SensitiveFeature; minThreshold; maxDepth )
18: end for
19: return SamplesCF

20: end procedure
21: procedure FlipBinaryFeatures (Sample, BinaryFeatures, TrainingSet, Sensitive-

Feature, minThreshold, maxDepth, iter=0)
22: Initiate SampleCF as a copy ofSample
23: for each binary featuref i in BinaryFeatures do
24: if iter < maxDepth then
25: Calculate the di�erence in conditional probability of the value vi of f i

26: given the original, g, and new group,gCF , of the SensitiveFeature
27: ProbDif f = jP(vi jg) � P(vi jgCF )
28: if P robDif f > minThreshold then
29: Flip the binary feature value
30: Start new iteration
31: iter += 1
32: SampleCF = F lipBinaryFeatures (SampleCF ; BinaryFeatures � f i ;
33: TrainingSet [SensitiveFeature = gCF ]; SensitiveFeature = f;
34: minThreshold; maxDepth; iter )
35: end if
36: end if
37: end for
38: return SampleCF

39: end procedure
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Appendix B. Extended Counterfactual Confusion Matrix (ECCM)-
Additional Content

The broken down version of the ECCM retains the introduced properties, being easily
converted into the ECCM, CCM and traditional CM. Its main suit is including all the
required information for any (classi�cation) performance or bias evaluation metric.

Figure 11: The Extended Counterfactual Confusion Matrix broken down into groups.
Y - Ground Truth; Ŷ - Prediction for the factual(original) sample; ŶCF - Pre-
diction for the CF sample.

B.1 Edge Cases

The ideal ECCM represents a case where every CF is consistent with its original sample.
Visually, this corresponds to having both the inner columns empty. However, an ideal
ECCM does not necessarily correspond to an ideal CM, or vice-versa. An ideal CM cor-
responds to an ECCM with the FCP, False Switched Positives (FSP), False Consistent
Negatives (FCN), and FSN cells empty. An ideal model in both criteria is represented by
an ECCM which only has values in the TCP and True Consistent Negatives (TCN) cells.
These scenarios are represented in Figure 12.
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Figure 12: Edge cases of Extended Counterfactual Confusion Matrix: (1) for a not ideal
model for performance but that is CF fair; (2) of an ideal model for performance
(ideal CM), but not in terms of CF fairness; (3) for an ideal model both in terms
of performance and CF fairness. Note that the colour gradation between blue
and green is merely representative of possible data partitions between groups
and labels, the main takeaway is these cells' non-null values.

Appendix C. Method Scalability

The presented notation examples describe a generation and evaluation process initially
drawn for binary classes and sensitive features. However, the process is easily adaptable to
categorical sensitive features and multiclass problems. The main drawback is the increase
of computational cost with the increase of CFs generated and possible increase in the
complexity of the results analysis. However, it is a minor setback for a more thorough
evaluation of fairness, only requiring extra care and ensuing additional steps of evaluation.
Moreover, if the dataset su�ciently represents its subgroups to allow for these scenarios,
the evaluation through CFs should still be e�ective.

C.1 Counterfactual Generation

The generation process is suitable for categorical sensitive features through parallel pro-
cesses, where each paired combination of subgroups is treated separately. In these situ-
ations, the number of generated CFs increases, leading to a higher computational cost.
For a group of S samples in a dataset withG subgroups, the number of generated CFs is
(G � 1) � S.

The process is also suitable for multiclass problems given that the changes occur among
the subgroup samples with the same label. Essentially, there is a parallel process to generate
CFs for each label. If the dataset is big enough to support reliable multiclass classi�cation,
the generation should not su�er from the process. On the other hand, the severe under-
representation of subgroups may require extra care when employing this process, as relying
on data distributions may not be the most suitable strategy.

C.2 Counterfactual Evaluation

The proposed metrics cover the analysis for binary sensitive features, although they can
also be used for categorical ones. In this instance, one can approach the problem not only
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pair by pair but also in a `one-versus-all' strategy. For example, given three groups,A, B ,
and C, to study bias, it may be relevant to study the switches from A ! B and A ! C,
as well A ! B _ C. Metrics that suggest bias against the original group, e.g. FPSR, are
suited for the A ! B _ C case. In contrast, metrics that indicate bias against the new
group, e.g. TPSR, are better suited for pair distinction, A ! B and C ! B , or the inverse
of the `one-versus-all' strategy,A _ C ! B .

Similar to the CM performance parameters, these metrics also apply to multiclass prob-
lems. Akin to sensitive features with multiple groups, it may be interesting to group out-
comes for speci�c analyses. Considering three possible outputsI ,K , and J , metrics that
evaluate clear tendencies to one particular output, e.g. PSR, are suited for the `one-versus-
all' strategy, in this case, exploring the portion of samples that were predicted asK or J
but switched to I . If the behaviour is attested from both K and J groups, it better supports
the hypothesis that the model associates the new group withI than if it only occurs for
samples initially predicted as K , although both are important considerations.
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C.3 Counterfactual metrics cheat sheet

Table 7: Summary of the CF metrics and its interpretation extrapolated from the Coun-
terfactual Confusion Matrix and its extended version.

Metrics derived from CCM
Group or Global Metric Parity (A - B)

CCM
Metric

Range
Highest

Bias
Value

Intuition Impaired
Group

CM
Analog

Range Impaired
Group

Group
Fairness
Analog

CR
= 1 - SR

[0,1] 0

The model relies heavily
on the distributions repre-
sented in the dataset for
each group of the sensitive
feature, indicating potential
bias

New
Group

ACC [-1,1] [-1,0[ A
]0,+1] B

Overall
Accuracy

Parity

PCR
= 1 - NSR

[0,1] 0
The model associates the
new group with negative
outcomes, indicating bias

New
Group

TNR [-1,1] [-1,0[ A
]0,+1] B

PredEq

NCR
= 1 - PSR

[0,1] 0
The model associates the
new group with positive
outcomes, indicating bias

Original
Group

TPR [-1,1] [-1,0[ A
]0,+1] B

EOpp

PCP
= 1 - PSDR

[0,1] 0
The model associates the
new group with positive
outcomes, indicating bias

Original
Group

PPV [-1,1] [-1,0[ A
]0,+1] B

PredP

CMCC [-1,1] -1

The model relies heavily
on the distributions repre-
sented in the dataset for
each group of the sensitive
feature

New
Group

MCC [-2,2] [-2,0[ A
]0,+2] B

-

Metrics derived from ECCM: Including the Ground Truth

Group or Global Metric Parity (A - B)

ECCM
Metric

Range
Highest

Bias
Value

Intuition Impaired
Group

Range Impaired
Group

TPSR [0,1] 1 The model is not able to predict correctly posi-
tive outcomes based on the group. It indicates the
need for more variability in samples with positive
ground truth for the new group

New
Group

[-1,1] [-1,0[ A
]0,+1] B

TNSR [0,1] 1 The model is not able to predict correctly nega-
tive outcomes based on the group. It indicates the
need for more variability in samples with negative
ground truth for the new group

New
Group

[-1,1] [-1,0[ A
]0,+1] B

FPSR [0,1] 1 The model is not able to predict correctly nega-
tive outcomes based on the group. It indicates the
need for more variability in samples with negative
ground truth for the original group

Original
Group

[-1,1] [-1,0[ B
]0,+1] A

FNSR [0,1] 1 The model is not able to predict correctly posi-
tive outcomes based on the group. It indicates the
need for more variability in samples with positive
ground truth for the new group

Original
Group

[-1,1] [-1,0[ B
]0,+1] A
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Appendix D. List Of Features CardioFollow.AI Dataset

Currently, there is a deployed model optimised with a minimum set of eight features com-
prising total time of stay (1), of that time: in intensive care (2); time to surgery (3) time
from surgery until discharge (4); number of complications (5); time in bypass (6); implant
size (7); and type of diabetes treatment (if any) (8). The time measurements are adequate
proxies for inferring urgency and how the patient recovered, whereas the other features
serve to assess the gravity of the occurrence. While other parameters are relevant for this
task, due to the relatively small dataset for the total possible combinations of risk factors,
procedures and complications, through careful experimentation with SHapley Additive ex-
Planations (SHAP) values, these are the features that paint the best overall scenario.

Category Variables
Demographic
Information

Age, Gender, Height, Weight

Pre-operative
Risk Factors

BMI, Body Surface Area (BSA), Smoking History, Diabetes, Hypertension, Hy-
percholesteremia

Existing Pathologies/
Dysfunctions

Renal Pathologies, Lung Pathologies, Vascular Pathologies, Neurological
Pathologies/ Dysfunctions

Procedure Speci�cs Heart Rhythm, Number of Diseased Coronary Vessels, Results from Cardiac
Catheterisation

Procedure Context State of the Patient, Urgency, Cause of Intervention, Type of Procedure, Proce-
dure Speci�cations, Implant Type

Morbidity Scale
Assessment

Complications, Morbidity Scale

Chronological
Information

Duration of Procedure, Pre-operation Period, Post-operation Period, Time Since
Last Consult

Target Variable Occurrence or Absence of Post-surgery Health Complications

Table 8: Lists of features of CardioFollow.AI Dataset
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Appendix E. Comparison between counterfactuals' generation
approaches

E.1 Heart Disease

Figure 13: Cosine similarity between pairs of original samples from the Heart Disease
dataset and their respective CFs generated with our method(left) or with a
GAN(right) using �ltered features, considering the sensitive feature Sex.

Table 9: Time performance for CF generation using a GAN or our method allowing changes
in `all' or only the `plausible' features, trained on the Heart Disease dataset, con-
sidering the sensitive featureSex.

GAN Our Method
All Plausible All Plausible

0 59.61 55.59 60.34 63.72 44.41 46.48 44.42 45.84 16.83 0.96
1 61.71 61.77 63.97 59.23 48.49 45.45 46.84 44.86 16.76 1.01
2 56.71 57.54 58.62 58.02 46.20 47.85 46.21 45.14 16.49 0.96
3 56.48 58.45 58.87 58.23 45.01 47.07 44.58 45.13 16.85 0.98
4 57.08 57.36 59.27 61.62 47.07 48.08 47.03 44.33 16.66 0.98
5 57.34 61.70 58.78 57.44 44.95 45.24 46.38 45.58 16.55 0.98
6 57.73 60.97 58.40 57.47 45.73 44.98 44.69 46.08 16.58 0.98
7 55.69 54.83 54.92 56.67 45.13 44.62 46.26 44.43 16.71 0.98
8 56.01 54.84 55.00 55.84 45.18 45.16 44.69 45.84 16.85 0.97
9 55.43 54.17 54.53 60.68 44.67 45.11 47.17 44.79 16.63 0.98

-F! -M -M ! -F +F ! +M +M ! +F -F! -M -M ! -F +F ! +M +M ! +F
57.38 57.72 58.27 58.89 45.68 46.00 45.83 45.20 16.69 0.98

�
Total 232.26 Total 182.72

1.94 2.93 2.88 2.44 1.26 1.27 1.11 0.61 0.13 0.01
�

Total 28.04 Total 5.19
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Figure 14: Samples distribution from the Heart Disease dataset in a two-dimensional space
after applying UMAP. Mappings for CFs generated with our method (Top Row)
and through GANs (Bottom Row), showcasing all CFs(Left) or sectioned by 
ip:
Female! Male (Middle); Male ! Female (Right).

Figure 15: Histogram of the featurerestecgfor factuals(Left) and counterfactuals generated
with GANs(Middle) and with our method(Right) for samples from the Heart
Disease dataset, considering the sensitive featureSex.
Green - Women; Blue - Men
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Table 10: Performance and Counterfactual metrics for the base model trained on the Heart
Disease dataset, considering the sensitive featureSexfor CFs generated using a
GAN or our method allowing changes on only the `plausible' features.

Our Method GAN
MCC (%) " 60.3 74.1 53.8 CMCC (%) " 39.1 61.7 43.6 61.0 69.6 62.7
ACC (%) " 81.4 88 80 SR (%)# 35.6 22.7 38.2 21.3 16.7 22.2
TPR (%) " 85.8 72.7 87.3 PSR (%)# 11.3 31.8 1.4 7.7 23.4 0.0
TNR (%) " 74.1 96.8 65.1 NSR (%)# 49.8 0.0 54.0 29.2 0.0 31.7

Total F M TPSR (%) # 46.9 0.0 51.3 20.6 0.0 22.5
FNSR (%) # 18.2 86.7 1.6 14.3 73.3 0.0
TNSR (%) # 9.2 22.8 1.3 5.6 15.2 0.0
FPSR (%)# 65.5 0.0 67.9 75.9 0.0 78.6
RMSCD # 0.385 0.275 0.404 0.239 0.228 0.241
JSCD # 0.270 0.161 0.243 0.163 0.151 0.130

Total F! M M ! F Total F! M M ! F

Table 11: Performance and Counterfactual Metrics referring to the base model trained on
the Heart Disease dataset augmented with CFs generated using a GAN or our
method allowing changes in plausible features, considering the sensitive feature
Sex.

Our Method GAN-based (Black et al. (2020))
All CFs Switched CFs All CFs Switched CFs

ACC (%) " 80.0 88.0 78.4 81.1 88.7 79.6 82.4 87.3 81.4 82.0 89.3 80.5
MCC (%) " 57.9 73.9 51.2 59.7 75.3 52.8 63.0 72.6 58.5 62.0 76.8 55.8
TPR (%) " 82.9 76.4 83.6 86.6 80.0 87.3 84.4 81.8 84.7 85.5 81.8 85.9
TNR (%) " 75.3 94.7 67.6 72.3 93.7 63.9 79.2 90.5 74.7 76.5 93.7 69.7
CMCC (%) " 74.4 69.1 73.4 63.8 68.8 64.9 90.0 88.4 89.7 87.4 82.4 87.5
SR (%)# 12.2 14.0 11.8 18.1 18.0 18.1 4.8 5.3 4.7 6.0 8.0 5.6
PSR (%)# 16.8 13.6 18.1 13.0 27.0 6.5 6.6 3.1 7.8 6.0 7.1 5.5
NSR (%)# 9.2 14.9 8.6 20.9 0.0 23.0 3.6 9.3 2.9 6.1 9.8 5.7
TPSR (%) # 2.7 16.7 1.2 17.2 0.0 19.0 1.3 6.7 0.7 2.2 6.7 1.7
FNSR (%) # 47.3 0.0 55.0 23.3 63.6 16.1 23.5 20.0 24.0 21.5 40.0 18.8
TNSR (%) # 5.5 15.6 0.0 9.9 22.5 2.6 1.1 1.2 1.1 1.2 3.4 0.0
FPSR (%)# 44.6 0.0 47.4 39.8 0.0 42.5 18.6 22.2 18.0 29.1 33.3 28.8
RMSCD # 0.177 0.188 0.175 0.180 0.154 0.185 0.089 0.105 0.086 0.086 0.102 0.082
JSCD # 0.124 0.184 0.113 0.117 0.088 0.106 0.066 0.098 0.060 0.062 0.091 0.055

Total F! M M ! F Total F! M M ! F Total F! M M ! F Total F! M M ! F
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E.2 CardioFollow.AI

Figure 16: Cosine similarity between pairs of original samples from the Cardio.Follow.AI
dataset and their respective CFs generated with our method(left) or with a
GAN(right) using �ltered features, considering the sensitive feature Sex..

43




	Introduction
	Contributions
	Related Work
	Counterfactual Explanations
	Counterfactual Features versus Outcomes
	Counterfactual Bias Evaluation
	Counterfactual Bias Mitigation


	Methodology
	Generating Plausible Counterfactual Fairness
	Counterfactual World Building Considerations
	The Counterfactual Confusion Matrix
	Derived Metrics
	The Extended Counterfactual Confusion Matrix

	Probability-based Counterfactual Analysis
	Mean Counterfactual Differences
	Distribution Shifts

	Use Cases
	CardioFollow.AI
	Heart Disease


	Results and Discussion
	CardioFollow.AI
	Detecting Bias
	Mitigating Bias
	Fairness-Performance Trade-offs

	Heart Disease Dataset
	Comparing CF generation methods
	Detecting Bias
	Mitigating Bias


	Conclusions and Future Work
	Pseudo-Code of the Counterfactual Generation Process
	Extended Counterfactual Confusion Matrix (ECCM)- Additional Content
	Edge Cases

	Method Scalability
	Counterfactual Generation
	Counterfactual Evaluation
	Counterfactual metrics cheat sheet

	List Of Features CardioFollow.AI Dataset
	Comparison between counterfactuals' generation approaches
	Heart Disease
	CardioFollow.AI

	Supplementary Examples
	Use Cases
	Adult Census Income
	COMPAS Recidivism

	Discussion
	ADULT Census Income
	COMPAS Recidivism
	Heart Disease
	CardioFollow.AI - Bias for the sensitive feature Sex
	CardioFollow.AI - Bias for the sensitive feature Smoking



