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Introduction

James Walker , Olivia Harris , George Wilson1* 1 2

The expansion of machine-learning frameworks into sectors with significant end-user consequences has heightened
concerns regarding the equity of trained models, particularly the necessity of preventing biases that disadvantage
distinct demographic sub-groups. The majority of current bias-mitigation techniques adjust the relative weight of data
observations during the pre-processing phase. Because fairness depends heavily on context, we support an
interactive machine-learning strategy that empowers human supervisors to offer iterative guidance for model
refinement. To this end, we adapt the explanatory interactive machine-learning framework Caipi for equitable machine
learning. This modified approach, FairCaipi, integrates human-in-the-loop interventions regarding both model
predictions and underlying explanations to enhance model equity. Empirical outcomes indicate that FairCaipi outpaces
a state-of-the-art pre-processing bias mitigation strategy in both the equity metrics and the predictive accuracy of the
resulting machine-learning framework. We show that FairCaipi serves to expose and minimize algorithmic bias in
machine-learning architectures while simultaneously identifying underlying human bias.

1

2

The identification of discriminatory outcomes in machine-learning deployment has discredited the widespread assumption
that machine-learning (ML) systems provide objective determinations. As an illustration, the COMPAS tool (short for
Correctional Offender Management Profiling for Alternative Sanctions) inaccurately attributes a higher probability of
recidivism to Black defendants compared to white defendants, demonstrating an explicit racial bias [1]. Similarly,
Microsoft’s TayAI chatbot produced racist and anti-Semitic expressions [2]. Nonetheless, machine-learning frameworks
are increasingly deployed in high-stakes environments, including automated hiring recruitment tools [3] and credit
application reviews [4]. We contend that ML practitioners possess an ethical responsibility to ensure these algorithms do
not perpetuate systemic biases present in source data, thereby systematically marginalizing vulnerable populations,
irrespective of existing statutory obligations.

A variety of methodologies integrate equity—or bias reduction—as a secondary optimization goal, such as satisfying
specific fairness constraints during the optimization phase [5-7] or designing completely novel classification architectures
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[8, 9]. Celis et al. (2019) formulate a generalized classification algorithm that combines multiple distinct equity metrics into
a linear group performance function used as an optimization target. Achieving fairness goals during the active
optimization process represents a fundamentally different paradigm for bias reduction than adjusting data equity prior to
training. For example, Reweighing alters the distribution of historically marginalized groups before a classification model
is trained, ensuring it complies with one designated equity metric [10]. Strategies like Reweighing often yield superior
performance over broader methods when measured against specific individual metrics, whereas the former class of
techniques is advantageous when consolidating multiple disparate fairness constraints.

A shared characteristic among dominant bias-mitigation systems is their tendency to treat equity as a static, context-
independent attribute. Crucially, definitions of equity are shaped by specific cultural frameworks, whether at a national or
organizational level, emphasizing that the interpretation of fairness is deeply subjective [11]. Berman et al. (1985) analyze
a scenario where employees at an Indian firm and a US firm were independently requested to allocate corporate perks
among peers. While the Indian workforce viewed it as fair to allocate perks according to individual financial necessity, the
US personnel favored an allocation model tied directly to individual productivity. Because fairness is deeply dependent on
situational context, we argue that current paradigms relying on static fairness definitions must be broadened to
incorporate interactive ML methods that accommodate the user's cultural assumptions regarding equity. To mirror these
individualized views of fairness, users require the ability to guide the optimization pathways of ML models. In active
learning [12], users iteratively annotate data points that optimize the information gain for the classification framework.
Coactive learning modifies this active learning setup by allowing users to interactively adjust and correct the classifier's
predictions [13].

Active and coactive learning frameworks assume that human operators completely comprehend the underlying decision-
making systems of the problems modeled by ML, an assumption we consider overly optimistic. Because interpretations of
fairness depend on context, different users possess highly individualized views of equitable decision-making. Explanatory
and interactive ML (XIML) strengthens the interactive component of active learning by incorporating explanatory ML tools,
thereby giving the operator visibility into how an ML model arrives at its conclusions [14]. Consequently, XIML opens up
the model's inner reasoning using explanations and permits the operator to amend both the prediction and the underlying
rationale. Angerschmid et al. (2022) [15] demonstrate that embedding an explanatory element within the decision-making
pipeline improves the human perception of systemic fairness. Indeed, the goal of Caipi [14], a prominent XIML algorithm,
is to utilize user guidance to steer the model toward a valid decision-making path from the viewpoint of a subject-matter
expert. To facilitate this, Caipi has been integrated with a user interface designed for automated medical image analysis
[16]. Other researchers focus on structural algorithmic changes; for example, Schramowski et al. (2020) [17] specifically
optimize Caipi for deep learning architectures.

To illustrate the benefits of our interactive training model, let us look at a hypothetical scenario in the field of credit risk
analysis, as depicted in Figure 1. The principal goals of credit risk analysis are evaluating the creditworthiness of a
prospective borrower, minimizing corporate risk exposure, and sustaining a balanced loan asset pool. Initially, assume the
applicant is a first-year philosophy student who intends to pursue an academic career path and whose current revenue is
derived solely from part-time employment. This request is rejected automatically based on the applicant's youth, financial
profile, and job classification. In this instance, the machine-learning framework's determination was precise and fair given
the context of the student and the constraints of the banking institution—meaning the explanation is unbiased and no
operator adjustment is required. Second, consider a scenario where the applicant holds a fixed-term research position in
computer science. The model, focusing exclusively on the instability of a temporary employment contract, might initially
deny the credit request. In this case, the subject-matter expert steps in because they can logically project a robust job
market within the technology sector, subsequently correcting the classification label. Following this, the expert adds this
updated case to the training set and retrains the algorithm to enhance its accuracy. Third, consider a female MSc student
specializing in biology. The algorithm denies the application, citing the gender feature as a primary driver. The subject-
matter expert agrees with the denial itself but disputes the explanation that the determination was driven by gender. Their
analysis reveals that the explanation contains bias; specifically, female candidates are systematically treated as less
creditworthy. Nevertheless, they conclude that the valid drivers for credit denial should be the applicant's lack of
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Approaches to Fairness in Machine Learning

permanent employment and insufficient personal capital to satisfy the bank's underwriting criteria. As a result, the expert
steps in, correcting this explanation bias by introducing counterexamples into the dataset to refine the model.

Figure 1. Interactive learning in the domain of lending.

We introduce FairCaipi, a XIML methodology constructed upon the Caipi algorithm. The core innovation of FairCaipi is
that it permits the supervisor to engage directly with the model's internal reasoning from an equity perspective. Instead of
enforcing predefined "correct" pathways, users offer iterative critiques to optimize the model's overall fairness. Distorted
decision-making pathways are corrected via user interventions. Through FairCaipi, we deliver a framework capable of (i)
revealing and (ii) minimizing algorithmic bias, while also (iii) identifying human bias during the model optimization process.
This study outlines the underlying theory and offers a structured derivation of the FairCaipi pipeline. We validate our
methodology using a simulation protocol and directly evaluate FairCaipi against Reweighing, a prominent pre-processing
technique for bias reduction [10]. The research questions guiding our experimental assessment are:

(R1) Does the correction of explanations for fairness lead to fairer models?

(R2) Does correcting explanations for fairness lead to fairer explanations?

(R3) Does correcting for fair explanations have a negative impact on the predictive performance of the model?

(R4) Which is superior, FairCaipi or the state-of-the-art Reweighing strategy?

Strategies designed to mitigate algorithmic bias are broadly categorized into three distinct operational intervals: pre-
processing, in-processing, and post-processing frameworks [18]. For a structural breakdown, Table 1 organizes and
clusters these contemporary methodologies. We review these options below to contextualize where FairCaipi fits within
the broader discipline of equitable ML:

Pre-processing focuses on meeting specific equity benchmarks during the initial data assembly stage [19], a practice
frequently seen in facial recognition developments [20]. More broadly applicable pre-processing schemes alter sample
distributions by modifying case weights to foster greater algorithmic parity, such as Reweighing, which balances the ratios
of marginalized and favored cohorts prior to training [10]. Other foundational examples include Disparate Impact Removal
[21] and Optimized Pre-Processing [22].

Post-processing methods, conversely, manipulate the predictions generated by an already trained ML system to satisfy
predefined equity rules. Certain techniques adjust probability thresholds to narrow the discrepancy in predictions between
disadvantaged and favored cohorts, implementing either simplified linear setups [23] or complex classification systems
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[24]. Reject Option Classification operates similarly by switching predicted outcomes for data instances located near the
critical zones of decision boundaries [25].

In-processing methods share the closest technical alignment with FairCaipi, as they embed fairness targets directly into
the model training phase by enforcing mathematical fairness metrics [5-8]. More intricate variants include custom cost
functions that penalize errors differently depending on the group membership of an instance [26], a concept that has also
been adapted for regression problems [27]. In-processing bias reduction has also been extended to niche domains, such
as developing unbiased word embeddings for Natural Language Processing [28, 29], creating fair generative
architectures like Generative Adversarial Networks [30] or Variational Autoencoders [31], ensuring unbiased visual
recognition in deep learning pipelines [32, 33], and formulating fair causal structures like Bayesian networks [34-38].

Certain in-processing systems employ explainable AI techniques—such as counterfactual arguments [39], causal
explanations [40], or Shapley values [41]—to expose underlying algorithmic bias. The use of Shapley values is highly
relevant to our framework, as FairCaipi evaluates the model's inner reasoning using local explanations derived from
Shapley values. Presently, human interaction with fairness in ML models is predominantly confined to visualization tools
designed to expose model biases via user interfaces [42, 43]. A closely related methodology to FairCaipi is the XIML
system developed by Nakao [44], which incorporates human feedback on explanations directly into model optimization to
enhance fairness. Utilizing a mechanism for interactive user-explanation adjustments [45], it empowers users to modify a
classifier's biased behavior across multiple protected characteristics simultaneously. In contrast, FairCaipi structures this
interactive user-explanation dialogue within a continuous optimization loop.

Table 1. High-level clustering of existing bias-mitigation strategies into pre-, in-, and post-processing [18]. FairCaipi can
be subsumed into the XIML for bias mitigation category.

Before Model Training (Pre-
Processing)

During Model Training (In-Processing) After Model Training (Post-
Processing)

Equitable data acquisition
strategies [19, 20]

Incorporation of fairness-oriented constraints
[5-8]

Adjustment of decision thresholds
to improve fairness [23, 24]

Sampling techniques for reducing
dataset bias [10, 21, 22]

Fairness-aware objective and cost functions
[26, 27]

Modification of model outputs and
predictions [25]

Fair approaches in Natural Language
Processing (NLP) [28, 29]

Fairness-enhanced generative modeling
techniques [30, 31]

Bias-free image classification frameworks [32,
33]

Fair causal modeling methods [34-38]

Explanation-driven bias reduction approaches
[39-41]

Interactive techniques for mitigating bias [42,
43]

Explainable and Interpretable Machine
Learning (XIML) methods for bias mitigation

[44]
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Materials and Methods

 

FairCaipi integrates the core technical concepts of bias mitigation and XIML. As a result, this section addresses both
domains. It commences with a concise overview of the German Credit Risk dataset, which serves as a running example
throughout this discussion and forms the basis of the simulation experiment validating FairCaipi. The German Credit Risk
dataset exhibits a demonstrable gender bias. Because FairCaipi serves as an extension of the Caipi framework, the
technical derivation of XIML will focus primarily on Caipi. We will modify Caipi to meet equity objectives, presenting a
human-ML system capable of (i) exposing and (ii) minimizing machine bias, while also (iii) identifying human bias. The
experimental configuration is detailed at the conclusion of this section. First, we outline the fundamental mathematical
notation utilized throughout this article:

Notation.

A binary classification model 𝑓:𝒳𝑛→𝒴 represents a mapping function from a feature space 𝒳𝑛 comprising n attributes to a
target space 𝒴={0,1}. For simplicity, the superscript n is omitted hereafter, and the feature space is denoted as 𝒳. A model
inference is represented by 𝑦=(𝑥). An individual data instance 𝑥∈𝒳 is denoted as a feature value vector 𝑥=
(𝑥1,𝑥2,…,𝑥𝑛)𝑇∈𝒳, where xi represents a single attribute within x at index i. Furthermore, let 𝑙:𝒳→𝒴 represent a ground-
truth labeling function that maps data instances to their true class labels.

Let ℒ⊆𝒳×𝒴  and 𝒰⊆𝒳 denote the subsets of labeled and unlabeled data instances, respectively, where 𝒳ℒ  and 𝒴ℒ
designate the instance attributes and corresponding labels within ℒ. Additionally, we employ 𝑥(𝑛) (𝑦(𝑛) to represent the n-
th feature (label) instance within 𝒳 (𝒴) when the reference set is clear from the context, or append a subscript such as
𝑥(𝑛)ℒ  (𝑦(𝑛)ℒ) and  𝑥(𝑛)𝒰 to explicitly indicate the associated dataset. We assume the availability of a routine Fit   to
optimize and update the classification model.

 

Bias in the german credit risk dataset
The German Credit Risk dataset (https://archive.ics.uci.edu/dataset/144/statlog+german+credit+data, accessed on 17
July 2023) displays a distinct gender bias, as illustrated in Figure 2. Within fairness literature, bias systematically
advantages a privileged demographic group while disadvantaging an unprivileged demographic group [18]. Privileged and
unprivileged segments are identified by the distribution of a favorable class label [18] relative to a defined protected
attribute [46, 47]. Discrimination occurs when an unprivileged group faces systematic disadvantages stemming from a
protected characteristic.

It is important to note that discrimination can manifest either directly or indirectly. Direct discrimination is tied explicitly to a
protected attribute, whereas indirect discrimination arises from seemingly objective features that are highly correlated with
the protected attribute [37]. To analyze and quantify this bias, the data is partitioned into four distinct categories [10]:

https://archive.ics.uci.edu/dataset/144/statlog+german+credit+data
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Figure 2. Visualization Favored group with Positive label (FP), Favored group with Negative label (FN), Deprived group
with Positive label (DP), and Deprived group with Negative label (DN). This figure investigates the favorable label good

credit risk regarding the protected feature gender and reveals a gender bias, as it is more likely to have a good credit risk
for males than for females.

DP: Deprived (unprivileged) group with Positive (favorable) label

DN: Deprived (unprivileged) group with Negative (unfavorable) label

FP: Favored (privileged) group with Positive (favorable) label

FN: Favored (privileged) group with Negative (unfavorable) label

As shown in Figure 2, which illustrates the distribution of the favorable outcome good credit risk conditioned on the
protected characteristic gender, a clear gender imbalance emerges: the favored group (male) exhibits a higher probability
of receiving the positive label than the deprived group (female).

Up to this point, bias has been described primarily in a narrative manner, which prompts the question: How can it be
mathematically quantified? Measures used to evaluate these imbalances are known as bias-detection metrics. The
majority of bias-detection metrics evaluate differences in conditional performance across a classification model. For
example, an equitable classifier demands that the model's recall—which, in this scenario, represents the true positive rate
of identified good credit risks—remains consistent irrespective of the applicant's gender as a protected attribute.

Definition 1

(Protected Attribute). Let S represent the protected attribute, where S=s and S=\bar{s} denote the privileged and
unprivileged cohorts, respectively.

Definition 2
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(Favorable Label). Let 𝑦̂ =(𝑥) signify a prediction, where 𝑦̂ =𝑑 represents the favorable outcome and 𝑦̂ =𝑑¯ denotes the
unfavorable outcome.

Below, we outline five distinct metrics for bias detection: Statistical Parity [48], Equalized Odds [23], Equalized
Opportunity [23], False Positive Error Rate Balance [49], and Predictive Parity [49]. Based on the formulation of Statistical
Parity (SP) [48], a classification model achieves fairness when the likelihood of being assigned an unfavorable label is
distributed uniformly across both privileged and unprivileged cohorts, which is expressed as:

 (1)

where P indicates the probability of the predicted outcome 𝑦̂  conditioned upon the protected attribute S. When evaluating
the likelihood of receiving an unfavorable label, denoted as (𝑦̂  =𝑑¯), with respect to the privileged group S=s and the
unprivileged group 𝑆=𝑠¯, we derive the conditional expressions (𝑦̂ =𝑑¯|𝑆=𝑠) and (𝑦̂ =𝑑¯|𝑆=𝑠¯), respectively.

It directly follows from the definition established in Eq. 1 that Statistical Parity is satisfied if the difference in conditional
probabilities for receiving the unfavorable label between the privileged and unprivileged groups equals zero. The
corresponding differential representation of (1) is formalized in Eq. 2, establishing that an unbiased classifier must
produce a Statistical Parity estimate of SP=0, formulated as:

 (2)

The primary distinction separating Statistical Parity from the alternative bias-detection metrics is its independence from
ground truth data; it evaluates fairness strictly using the predicted outcomes conditioned on a designated protected
attribute. Conversely, Equalized Odds (EqOdds) [23] incorporates the true label y into the conditional criteria for both
sides of the expression:

(3)

Eq. 4 characterizes EqOdds as the mean value of two distinct differences. Each component of this summation represents
a performance disparity between the privileged and unprivileged cohorts. Here, the conditional probabilities are
substituted with standard performance metrics derived from binary classification. Accordingly, Equalized Odds accounts
for both the false positive rate (fpr) and the true positive rate (tpr):

 (4)

In practice, the core concept underlying (3) serves as the foundation for Equal Opportunity (EqOpp) [23], False Positive
Error Rate Balance (FPERB) [49], and Predictive Parity (PP) [49], where EqOpp utilizes the tpr component in (5) and
FPERB applies the fpr component in (6). Predictive Parity diverges slightly by utilizing the false discovery rate (fdr) in (7),
which is computed via 𝑓𝑝×(𝑓𝑝+𝑡𝑝)−1.

 (5)

 (6)
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 (7)

The proposed explanatory and interactive FairCaipi pipeline will introduce these aforementioned bias-detection metrics to
the user. Its primary objective is to alert and instruct users regarding how modifications to the system alter the fairness of
the classifier. Additionally, Statistical Parity (2) serves a critical function within the simulation study's benchmark
evaluation, given that the Reweighing mechanism is explicitly optimized to minimize Statistical Parity discrepancies.

Explanatory interactive machine learning
The contemporary XIML framework known as Caipi [14] engages users through an iterative process that incorporates
corrections for both predictions and explanations. Within the Caipi framework, prediction outcomes are categorized into
three distinct states: Right for the Right Reasons (RRR), Right for the Wrong Reasons (RWR), or Wrong for the Wrong
Reasons (W). The latter two inaccurate states necessitate user intervention.

While users modify the target label when addressing a W scenario, they supply corrective feedback for flawed rationale in
an RWR scenario, prompting the generation of counterexamples. These counterexamples constitute novel,
supplementary instances that isolate only the definitive features. They are designed to guide the underlying mechanics of
the model toward a more accurate alignment with the user's domain perspective.

From a practical standpoint, leveraging appropriate data augmentation strategies allows a singular explanation
adjustment to yield a multitude of varied counterexamples. Throughout the remainder of this study, we presume that a
dedicated operation denoted as Gen produces these counterexamples based on user-driven explanation adjustments.

Definition 3

(Counterexample Generation). Let 𝑦̂ =(𝑥) represent a prediction, and assume that a user identifies the vector 𝑥∗ as the
decisive factor for 𝑦̂. This implies that the attribution impact of every non-zero element within 𝑥∗ surpasses a predefined
threshold. The vector 𝑥∗ is constructed from x such that the collection of non-zero elements in 𝑥∗ forms a subset of the
non-zero elements present in x. Let us define a mechanism Gen that accepts x, 𝑦̂, 𝑥∗, and c as input parameters and
generates the counterexample feature and target datasets 𝒳′ and 𝒴′. For the target dataset 𝒴′, the predicted label 𝑦̂   is
replicated c times. For the feature dataset 𝒳′, the original instance x is likewise replicated c times. For any feature
component 𝑥𝑖 not specified within 𝑥∗, the value of 𝑥𝑖 undergoes perturbation, such as through a randomization process.

To capture local explanations from a classification model, we employ SHapley Additive exPlanations (SHAP) [50],
whereas the traditional Caipi framework utilizes LIME. At this juncture, SHAP emerges as a more advantageous selection
because the performance of LIME exhibits high sensitivity to segmentation algorithms [51]. In contrast, SHAP
demonstrates robust reliability when applied to tabular datasets [50]. The SHAP explanation approach approximates an
underlying model f for a specific input vector x via an explanatory model g. This explanatory model leverages a simplified
input x' that is linked to the original input x through a mapping function ℎ(𝑥′)=𝑥. The formulation ensures that (𝑧′)≈𝑓(ℎ𝑥(𝑧′))
whenever 𝑧′≈𝑥′, where 𝑧′∈{0,1}𝑀 and M denotes the total number of simplified input features. The foundational basis of
the SHAP technique rests on Shapley values, which quantify the significance of a feature 𝑥𝑖 toward a prediction by
computing the marginal impact of incorporating information about that feature. The exact contribution of a feature value 𝑥𝑖
to a predicted outcome is designated as the SHAP value 𝜙𝑖∈ℝ, which is structured such that the summation of all
individual feature attributions approximates the output (𝑥) of the primary model.

The SHAP methodology is established upon three core properties: local accuracy, missingness, and consistency [50].
The simplified representation of a classification model (𝑥) provided by SHAP, which incorporates a simplified feature
space representation x', is expressed as:
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 (8)

This formulation inherently satisfies the local accuracy property provided that x = hx(x') remains true [50]. SHAP
approximates a target model f for a given input x by summing individual attributions in a manner that ensures the
explanatory model g(x') for the simplified input x' matches the output of the native model f(x). In its standard configuration,
attributions ϕ are combined linearly, where each 𝜙 signifies the importance of a distinct feature (or a specific subset
combination of features) across a dimension size M. The baseline attribution 𝜙0 is derived as 𝜙0=(ℎ𝑥(𝟎)).

Beyond maintaining local accuracy, SHAP adheres to the properties of missingness and consistency [50]. The
missingness property dictates that feature values equal to zero (which represent missing features in this context) receive
an attribution value of zero. Meanwhile, the consistency property ensures that any increase in a feature’s true importance
within f is reflected by an appropriately scaled attribution value 𝜙.

By satisfying all three of these foundational principles, SHAP attributions are mathematically determined as:

 (9)

where 𝑧′⊆𝑥′ represents all vectors z' whose non-zero elements constitute a subset of the non-zero elements within x', |z'|
signifies the count of non-zero entries in z', 𝑓𝑥(𝑧′)=𝑓(ℎ(𝑥(𝑧′))) and 𝑧′∖𝑖 indicates setting the specific index 𝑧′𝑖=0. The right side
of Eq. 9 embodies the classical theory of Shapley values, representing the performance difference for fx when the ith
feature of z' is included versus when it is excluded. Eq. 9 represents the unique solution derived from the simultaneous
requirements of local accuracy, missingness, and consistency [50]. Young (1985) [52] originally demonstrated that
Shapley values represent the unique configurations capable of satisfying local accuracy and missingness. While Young
(1985) [52] utilized a supplementary axiom, Lundberg and Lee (2017) demonstrated that this additional axiom is non-
essential. According to Lundberg and Lee (2017), the missingness property is not strictly essential for Shapley values on
their own, yet it remains vital for additive feature attribution frameworks like SHAP.

Consider Figure 3 as an illustrative instance of a SHAP explanation for an arbitrary observation processed by a
classification model with a decision threshold score of 0.5. Within this setup, scores below 0.5 indicate a favorable credit
risk, while scores greater than or equal to 0.5 indicate an unfavorable credit risk. The baseline value for SHAP is
positioned at approximately 0.27. Moving from this baseline, specific attributes exert a positive influence—meaning they
possess a positive attribution value—which shifts the model's judgment toward an unfavorable credit risk designation. In
this scenario, the primary drivers pushing the decision toward an unfavorable credit risk include having an active bank
account status (i.e., not None) where the average monthly incoming payments over the preceding year fell below 200
German Mark, being female (sex=0), and not having maintained employment for a duration exceeding 4 years
(employment=4+years=0). Conversely, the evaluated observation requested a creditamount of 2278 German Mark, which
represents the singular feature assigned a negative attribution value, thereby driving the assessment toward a favorable
credit risk.
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Figure 3. SHAP explanation for a test instance of a classification model trained on the German Credit Risk dataset. The
classification score matches the decision boundary of 0.5. SHAP estimates attribution values for each feature. It mimics

the classification model’s outcome and builds a sum of each feature value, which is scaled by its attribution. The algebraic
sign of the attribution value determines whether the feature contributes to a positive or negative classification result.

SHAP starts from a base value—SHAP’s attribution value for 0. The base value is approximately 0.27. From this point,
features in red contribute to a bad credit risk, whereas features in blue drag the classification score toward a good credit
risk. (Figure generated with https://shap-lrjball.readthedocs.io/en/latest/generated/shap.forceplot.html, accessed on 19

July 2023).

The CAIPI framework incorporates a local explanation protocol that processes an individual feature instance alongside a
classification model to reveal the most influential features to the end-user. From a mathematical perspective, our
explanation procedure Exp is constructed upon the SHAP framework.

Definition 4

(Local Explanation). Let ϕ denote the attribution values allocated to x, which highlight the relative importance of each
feature xi in x toward the final prediction f(x) as formulated in Eq. 9. Additionally, let α represent a designated significance
threshold. Let 𝑒⊆𝑥 signify the specific set of features for which the condition |𝜙𝑖|>𝛼 is satisfied. We assume an evaluation
protocol Exp that accepts x, f, and α  as inputs and yields the set e.

CAIPI [14] capitalizes on user feedback regarding both the model's prediction and explanation according to the state of
the prediction outcome. During each consecutive iteration, it isolates the most informative instance from an unlabelled
dataset—specifically targeting the instance whose prediction score lies closest to the decision boundary (set at 0.5 in this
application) relative to a classifier trained on a restricted pool of labeled samples. We posit that this instance yields the
highest information value because predictions located near the decision boundary are associated with elevated levels of
uncertainty. Securing the true label for this specific instance maximizes the information gained by the classifier during its
subsequent training iteration. The selection mechanism MII extracts the index corresponding to this most informative
instance. For this operation, we assume direct access to both the predictive scores and the established decision
boundary.

Definition 5

(Most Informative Instance). Let the routine MII accept a collection of predictions 𝒴̂  and a decision threshold β as input
parameters. It outputs the specific index m representing the most informative instance, defined as the prediction score
positioned closest to β.

The CAIPI routine demands human feedback at two distinct junctures: first, to assess the validity of the prediction, and
second, to verify the accuracy of the explanation. In the latter scenario, users can guide the model toward a more
desirable decision-making mechanism by adjusting the local explanation. We denote these points of user interaction via

https://shap-lrjball.readthedocs.io/en/latest/generated/shap.forceplot.html
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the routine Interact and provide a summary of the Caipi framework within Algorithm 1. In every operational cycle, Caipi
optimizes a model using the existing labeled data pool (line 2) and computes predictions across the remaining unlabeled
instances (line 3) to isolate the most informative instance (line 4). The human supervisor evaluates the output and inputs
the true label if the prediction proves incorrect (line 7). Alternatively, if the prediction is accurate, Caipi displays the
corresponding local explanation, allowing the user to make adjustments if errors are detected (line 9). If the explanation is
deemed valid, the instance is integrated into the labeled training set (line 12); otherwise, a set of counterexamples is
generated (line 14). To prepare for the subsequent iteration, the current most informative instance is extracted and
removed from the unlabelled data collection (line 15). Differing from the original presentation of the Caipi algorithm [14],
we explicitly formalize each structural component. This explicit formalization will be utilized in the subsequent section to
adapt the Caipi framework to fair ML.

Algorithm 1. Caipi [ℒ,𝒰,𝑐,𝑛] [14] 

Fair explanatory and interactive machine learning
FairCaipi modifies the foundational Caipi architecture to incorporate a fairness objective through two specific
mechanisms: (i) it assesses the local explanation to identify discriminatory decision-making processes, and (ii) it
consequently factors in protected attributes during the synthesis of counterexamples. With respect to modification (i), we
utilize the groups DP, DN, FP, and FN introduced. Here, D represents the disadvantaged group and F represents the
advantaged group, with each group being associated with either a beneficial positive outcome (P) or a detrimental
negative outcome (N). We contend that a disproportionate representation of DN and FP indicates the presence of bias.
This is because the former allocates the unfavorable outcome to the disadvantaged group, while the latter grants the
favorable outcome to the advantaged group. Accordingly, we characterize an explanation—which represents a decision-
making framework—as inequitable if membership in the disadvantaged group serves as a basis for receiving the
unfavorable classification. In contrast, belonging to the advantaged group serves as a basis for receiving the favorable
classification. With respect to modification (ii), our objective is to eliminate protected attributes from the decision-making
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framework. This is accomplished by randomizing the protected attributes while holding all other features invariant during
the generation of counterexamples. In this context, randomization implies that if being male is identified as a reason for a
favorable credit risk evaluation, our generated counterexample will be an identical instance except that the gender
attribute is altered to female. Let us formally define the concept of biased decision-making:

Definition 6 (Biased Decision Making). Consider features ei from explanation e, written 𝑒𝑖∈𝑒, for a model's outcome 𝑦̂ =
(𝑥)∈{𝑑,𝑑¯}, and a protected attribute S with deprived group 𝑠¯ and favored group s. We define the decision-making
mechanism of f to be biased if it holds that

The bias-reduction strategy of FairCaipi is integrated into the counterexample generation routine GEN’ (Algorithm 2). In
this routine, we determine the specific configuration of the protected attribute that would sustain a bias relative to the
prediction (line 2). For instance, if the model predicts a negative credit risk, the bias-sustaining configuration for the
protected attribute of gender would be female. Subsequently, we construct a set containing all viable values of the
protected attribute, excluding the bias-sustaining value (line 3). To synthesize a counterexample instance, we replicate
each original feature but substitute the protected attribute with a randomly selected alternative (line 5), followed by
appending the input label (line 6). The resulting counterexample dataset preserves all original feature correlations except
for the association between the protected attribute and the target variable.

Algorithm 2. GEN’ [𝑥,𝑦,𝑆,𝑐] (Counterexample Generation) 

In contrast to the standard Caipi framework, FairCaipi (Algorithm 3) accepts the protected attribute as an explicit input.
Users continue to supply feedback regarding the model’s explanations; however, their objective shifts from establishing
correct mechanisms to mitigating bias. Consequently, in accordance with Definition 6, the interaction step in line 10 yields
True if the explanation exhibits bias and False otherwise, where a detected bias triggers the production of bias-mitigating
counterexamples (line 14).

FairCaipi is capable of (i) identifying and (ii) mitigating machine bias, as well as (iii) exposing human bias. It should be
noted, however, that from a technical perspective, FairCaipi does not strictly necessitate human intervention provided that
all components of Algorithm 3 are accessible, which represents a realistic scenario when experiments are conducted in
a pseudo-unlabeled manner. While this enables FairCaipi to achieve the first two capabilities, the third capability remains
unfulfilled under these conditions. In practical applications, we deliberately seek to incorporate a human operator within
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the optimization loop. The user possesses the authority to overrule a biased decision identified by FairCaipi (Definition 6).
Such interventions may be influenced by human factors, resulting either in passive bias—where users neglect to rectify a
discriminatory mechanism—or active bias, where users purposefully avoid making corrections or alter the mechanism in a
manner that degrades the bias-detection metrics.

To address this, we enhance FairCaipi to display bias-detection metrics to the user at both the initialization and the
conclusion of every iteration, specifically prior to and following the retraining of the model (line 2). Additionally, we
introduce an interactive phase that allows the user to offer feedback, during which FairCaipi alerts the operator if
executed or omitted corrections unfavorably impact the bias-detection metrics. Integrating FairCaipi into the previously
outlined architecture (Figure 4) provides a critical advantage: it instructs users by establishing a direct correlation
between human input and formal bias-detection metrics.

 Algorithm 3.  FairCaipi [ℒ,𝒰,𝑆,𝑐,𝑛]
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Figure 4. Human FairCaipi interaction. FairCaipi requests user input concerning both the prediction and explanation
generated by a classification model. Displaying bias-detection metrics at the start and completion of each iteration allows

operators to connect their modifications to the model's overall bias. Additionally, Caipi alerts users if performed or
overlooked adjustments negatively impact these bias-detection metrics. When managed by users operating with equitable

intentions, FairCaipi enhances the fairness of classification models.

Our methodology concentrates on enhancing model performance while minimizing the required volume of queries,
interactions, and cumulative expenses. As stated in [14], active learning achieves a notably optimized sample complexity
relative to passive learning owing to the deliberate choice of instances selected for labeling. Concerning its computational
demands, our framework is affected by its model-agnostic architecture, thereby inheriting the complexities linked to
training a model and executing predictions for particular instances using the underlying machine learning algorithm.

The primary elements of our framework, including FairCaipi and its concurrent operations—such as evaluating fairness
metrics and determining SHAP values—retain a manageable level of complexity. Notably, while the calculation of SHAP
values within the Exp procedure is generally intractable, it can be accurately approximated within polynomial time [50,
53]. The routines MII and GEN’ designated for counterexample synthesis, along with the utilized set operations, possess
a complexity that is at most polynomial. Consequently, we maintain that FairCaipi represents a computationally viable
XIML framework.

Simulation study
We evaluate FairCaipi through a simulation experiment designed to minimize gender-based discrimination within the
German Credit risk dataset (the codebase to replicate this simulation study and run FairCaipi interactively following the
design in Figure 4 is hosted at: https://github.com/emanuelsla/faircaipi, accessed on 11 August 2023). Consequently, the
gender variable serves as the sole protected attribute S. Furthermore, we maintain access to the true labels of the
unlabeled instances via \mathcal{Y}\mathcal{U} = l(\mathcal{U}) and assess our explanations in line with Definition 6
utilizing an attribution threshold of 0.005. We bench-mark FairCaipi against Reweighing [10], a standard pre-processing

https://github.com/emanuelsla/faircaipi
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Results and Discussion

method that reallocates weights to training instances to satisfy Statistical Parity (1). Within the German Credit Risk
dataset, we allocate 550 instances as labeled data and 150 instances as unlabeled data. The remaining 300 instances
are reserved as test data. We train a Random Forest classifier employing balanced class weights. Initially, we obtain an
accuracy of 75%. Establishing a relatively high baseline performance is critical for FairCaipi, given that its primary goal is
to enhance the equity of decision-making frameworks. Prior research demonstrates that a smaller quantity of initially
labeled instances is sufficient to achieve high predictive accuracy following Caipi optimization [16]. We execute FairCaipi
for 100 iterations. During RWR iterations, we introduce a single counterexample consisting of the identical instance but
with the alternative gender, thereby neutralizing the instance's gender effect.

Throughout the 100 FairCaipi iterations illustrated in Figure 5, we detect a marginal trend toward a higher frequency of
label adjustments relative to explanation adjustments. This indicates a higher proportion of type W iterations than type
RWR iterations. Within the FairCaipi framework, roughly 35 out of 100 iterations involve modifications exclusively to the
label, thereby affecting solely the predictive accuracy. Conversely, within 30 iterations, the SHAP explanation undergoes
correction. These represent the specific iterations where the simulated operator attempts to adjust the model’s internal
framework to reduce the classifier’s intrinsic bias. Finally, in approximately 35 FairCaipi iterations, the prediction is
accurate and accompanied by an unbiased decision-making process, representing RRR instances.

Figure 5. Number of label and explanation corrections within 100 FairCaipi iterations. The chart reveals a distinct interval
where classification labels are primarily adjusted, occurring approximately between steps 20 and 30. Outside of this

specific window, both forms of refinement are evenly dispersed throughout the FairCaipi optimization pipeline.

The outcomes regarding the bias-mitigation capabilities of FairCaipi are presented in Table 2. The table contrasts multiple
bias-detection metrics following 100 iterations of FairCaipi optimization, their optimal values recorded across the 100
iterations, the state-of-the-art sampling-based pre-processing method Reweighing, and the baseline Random Forest
classifier operating without bias-mitigation adjustments. Every bias-detection metric achieves its optimal state at zero. We
observe that FairCaipi delivers superior results across all bias-detection metrics, with the sole exception of Statistical
Parity. This pattern is evident in the FairCaipi outcomes after 100 iterations and becomes even more pronounced when
considering its optimal values. Reweighing, which modifies instance weights specifically to satisfy Statistical Parity,
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noticeably outperforms the alternative approaches on this specific metric but yields negligible improvements for the
remaining bias-detection metrics when compared to the baseline Random Forest classifier.

Table 2. Bias evaluation. We compare bias metrics for a Random Forest classifier trained on the German Credit Risk
dataset. Default values result from a plain Random Forest model, Reweighing includes a Statistical parity-optimized

sampling procedure prior to training. The FairCaipi column references the end result (after 100 iterations), FairCaipi (opt.)
the optimum values.

Fairness Metric Reweighing
Method

FAIRCAIPI
(Optimized)

FAIRCAIPI Baseline
Model

Statistical Parity 0.0000 −0.0391 −0.0447 −0.0886

Equalized Odds −0.1819 −0.0038 −0.0909 −0.1568

Equalized Opportunity −0.1237 −0.0007 −0.0295 −0.0514

False Positive Error Rate Balance
(FPERB)

−0.2401 0.0038 −0.1524 −0.2622

Predictive Parity −0.0053 0.0008 −0.0026 −0.0322

 

The sequential progress of the monitored fairness indicators during the 100 FairCaipi optimization steps is charted in
Figure 6, where a value of zero denotes the ideal state for all indices. Each metric displays an overall inclination to move
toward this ideal target, generally reaching its maximum effectiveness during its most optimal step. Most of these
indicators exhibit minimal volatility and remain positioned near the ideal baseline throughout the entire runtime. Prominent
departures from this pattern occur only within the Equalized Odds and False Positive Error Rate Balance dimensions.
While the former shows a progressive and continuous trajectory toward its ideal value, the latter demonstrates wider
fluctuations and begins to wander away from the optimal target after step 80.

Figure 6. Bias-detection metrics during FairCaipi optimization. We compare the development of bias-detection metrics
across 100 FairCaipi iterations. All metrics have their optimum at zero.
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This constructive shift toward reduced algorithmic bias is further confirmed by Figure 7, which illustrates a steady decline
in the volume of discriminatory classifications and biased explanations as the FairCaipi pipeline advances. The data
plotted in Figure 7 uncovers a few noteworthy phenomena: owing to the relative scales of the training and validation
splits, biased decisions and explanations surface far more frequently within the training pool than in the test cohort.
Furthermore, when an explanation is flagged as biased—indicating that the model is processing attributes unfairly—the
corresponding classification is automatically deemed unfair as well. This dynamic does not work in reverse; a data point
can easily belong to a marginalized demographic and receive an unfavorable decision for legitimate reasons completely
divorced from the protected trait. For this reason, unfair predictions are consistently more numerous than unfair
explanations.

Figure 7. Unfair predictions and explanations during FairCaipi optimization. In each iteration, we calculate the number of
unfair predictions and explanations on labeled and test data.

Efforts to suppress algorithmic bias must not come at the expense of the model's predictive accuracy. To monitor this
trade-off, Table 3 aggregates several standard metrics for binary evaluation, contrasting the accuracy, precision, recall,
and F1-score of FairCaipi against both a baseline Random Forest and a Random Forest variant adjusted via Reweighing.
FairCaipi achieves the top performance across every single metric. Even so, the data reveals a stark divergence when
these metrics are split based on the target class. Although all evaluated models show strong capabilities when processing
low-risk credit profiles, their overall performance drops noticeably when dealing with high-risk profiles. While the
sequential test accuracy charted across the FairCaipi steps in Figure 8 corroborates this analysis, the highly skewed
nature of the underlying data distribution (originally shown in Figure 2) means that the tabular metrics in Table 3 remain
the primary authority. The timeline in Figure 8 utilizes accuracy merely as a baseline indicator to observe performance
shifts as the FairCaipi optimization unfolds. The resulting fluctuations are remarkably minor, which is the ideal outcome;
FairCaipi is engineered specifically to dismantle bias within an already established model architecture rather than to serve
as an optimization tool for raw predictive metrics.
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Figure 8. Predictive quality of FairCaipi during 100 iterations. Starting with a baseline accuracy of 75%, we calculate the
test accuracy in each iteration. We add a 70% accuracy threshold mark.

Table 3. Evaluation of predictive quality. We compare several performance metrics for a Random Forest classifier trained
on the German Credit Risk dataset. The Default column references a plain Random Forest model without modifications,

Reweighing includes a bias-mitigation pre-processing sampling strategy, and FairCaipi contains the results after 100
iterations.

Performance Measure Category Reweighing Approach FAIRCAIPI Baseline Model

Accuracy Overall 0.72 0.76 0.73

Precision Good-risk class 0.75 0.77 0.76

Bad-risk class 0.58 0.68 0.60

Recall Good-risk class 0.89 0.92 0.89

Bad-risk class 0.34 0.39 0.38

F1-Score Good-risk class 0.82 0.84 0.82

Bad-risk class 0.43 0.50 0.47

 

To wrap up this analysis, we address the core inquiries of this investigation:

(R1) Does modifying model explanations for fairness generate more equitable models?

Indeed. The data plotted in Figure 6 shows that fairness metrics steadily move toward their ideal baselines as
explanation adjustments are introduced. Furthermore, discriminatory classifications consistently diminish over the 100
FairCaipi steps (Figure 7), driven by explanation adjustments executed during 30 of those steps (Figure 5).
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(R2) Does modifying explanations for fairness yield more equitable explanations?

Yes. Figure 7 confirms a distinct downward trend in the volume of biased explanations when utilizing the FairCaipi
framework.

(R3) Does the pursuit of equitable explanations degrade the predictive accuracy of the underlying model?

No. Figure 8 clearly shows that the model maintains highly stable performance with only minor variations throughout the
FairCaipi routine. Furthermore, the data in Table 3 reveals that FairCaipi actually provides a slight lift in overall predictive
metrics compared to a standard Random Forest model, regardless of whether that baseline utilizes Reweighing.

(R4) Which approach performs better: FairCaipi or the standard Reweighing method?

Reviewing the results in Table 2, FairCaipi proves to be the superior choice for mitigating bias across every evaluated
metric except for Statistical Parity, which happens to be the singular mathematical objective that the Reweighing
technique is explicitly engineered to maximize.

The empirical outcomes of this study indicate that FairCaipi functions as a highly competent strategy for bias mitigation. It
successfully satisfies two critical requirements: first, it avoids undermining the predictive capability of the system—on the
contrary, our assessments reveal a marginal improvement in overall predictive accuracy. Second, it yields effective bias
reduction across multiple concurrent evaluation metrics, eventually outperforming a prominent state-of-the-art data pre-
processing technique designed for fairness. Furthermore, in alignment with the core tenets of XIML, FairCaipi establishes
an open and transparent decision-making architecture that directly integrates human oversight into the fairness pipeline.
Given potential statutory mandates, this inclusion offers an undisputed ethical advantage, particularly since human
operators do not view equity as a static or unchanging concept [11]. Our findings demonstrate that modifying a
classification model's decision framework via iterative human input facilitates a comprehensive and well-rounded
reduction in bias across diverse performance indices. Relying strictly on a single, fixed metric for optimization cannot
guarantee widespread improvements in fairness.

We argue that FairCaipi possesses the capability to (i) identify and (ii) reduce machine-driven bias, while also (iii)
uncovering human-driven bias. Although the first two functionalities have been verified through our experiments, we
present a formalized framework for the third, which demands deeper empirical validation. Specialized user studies
represent a viable path forward in this domain. Within such a setting, researchers could explore the specific question: Is
FairCaipi capable of diminishing human-driven bias?

Generally, the current experimental framework faces certain constraints; for instance, we provide only a foundational
proof of concept focused on a single dataset and a solitary form of discrimination. We do not explore how FairCaipi
handles environments containing multiple protected variables—which represents a more frequent empirical scenario—nor
do we evaluate its efficacy within multi-label classification or regression tasks. Nevertheless, the architecture of our
simulation study mirrors established validation protocols used for leading bias-reduction strategies across the pre-
processing [10, 21], in-processing [8], and post-processing [24] operational phases. A unifying element across all these
cited investigations is their focus on mitigating gender-based discrimination, with a subset of these authors similarly
utilizing the German Credit Risk dataset [8, 10, 21].

From an algorithmic perspective, FairCaipi exhibits certain limitations: even though operators receive alerts when their
selections degrade fairness indices, the system operates under the assumption that users possess the necessary domain
expertise to offer optimal guidance. However, a critical problem arises if discriminatory explanations become less
apparent than they are in our baseline scenario—such as when complex, multivariate feature dependencies replicate the
bias indirectly. Under those conditions, our expectations regarding user capability are likely overextended.
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Conclusion

Additionally, in comparison to traditional Caipi implementations [14], we lack empirical data demonstrating how
incremental quantities of counterexamples impact overall fairness. Applying our current, straightforward counterexample
production routine would merely result in duplicate instances of the exact same counterexample. To resolve this, more
advanced data generation pipelines leveraging statistical bootstrapping or generative modeling frameworks could be
integrated.

To contextualize these insights within the broader literature: FairCaipi serves as an in-processing strategy for bias
reduction, occupying a distinct position among XIML architectures focused on algorithmic fairness. Based on our review
of the field, FairCaipi shares a close thematic relationship with a fairness-seeking framework that permits operators to
interact directly with model explanations [44]. However, the fundamental distinction lies in FairCaipi’s emphasis on a
collaborative human-machine relationship where both entities benefit—the system minimizes algorithmic discrimination,
while the user's personal biases are exposed. Existing XIML fairness frameworks rarely incorporate human operators to
this degree. Conversely, those alternative systems might prove more practical for real-world deployments, as maintaining
human involvement over 100 consecutive iterations can be exceptionally time-intensive. Nonetheless, FairCaipi broadens
the operational spectrum of XIML strategies and fills a specific procedural requirement. Our experiments confirm that
continuous human interaction serves as a productive engine for bias reduction and may offer a morally superior
alternative in fairness-critical domains.

FairCaipi is an in-processing algorithmic framework for bias mitigation rooted in human-centered XIML. Continual human
feedback is leveraged to guide the model's underlying decision-making architecture toward an equitable trajectory—
specifically, an environment marked by a reduction in discriminatory classifications. Empirical testing demonstrates that
formal fairness indicators show steady improvement throughout the FairCaipi optimization loop, while the predictive
performance of the primary classification model remains stable. The system is fully capable of identifying and reducing
machine-driven bias, and it can similarly expose human-driven bias.

In future research, we aim to expand the adaptability of our framework: we intend to address algorithmic bias across a
broader range of classification environments and factor in multiple protected attributes simultaneously. This broader
scope will encompass, for example, multi-label classification environments. This expansion will necessitate revisions to
the core FairCaipi cycle, given that a single predictive instance can simultaneously correspond to multiple outcome
classifications. In this context, we will investigate two primary research questions: What form does Caipi user feedback
take within a multi-label classification environment? and How can operator input in multi-label classification settings be
successfully converted into functional counterexamples?

In the most straightforward scenario, all existing protected attributes would undergo simultaneous randomization during
the counterexample production phase. However, this introduces an important sub-question: Must we systematically
disentangle every single correlation among protected attributes, or is it sufficient to alter merely a subset of them to
mitigate the classification model's overall bias?

Furthermore, our subsequent efforts will prioritize the detection of multivariate correlations to uncover hidden bias. We
anticipate that FairCaipi may struggle to resolve discriminatory decision frameworks when dealing with indirect bias,
primarily because protected attributes might not surface directly within local feature attributions. We argue that
methodology borrowed from causal statistics offers a promising remedy. Rather than displaying raw feature attribution
values to users via frameworks like SHAP, we intend to map out the underlying dependencies using structures such as
Bayesian networks. This approach will provide operators with a clearer understanding of how distinct features interact
and influence one another, prompting the question: How can user modifications to Bayesian networks be
programmatically transformed into counterexamples?
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