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Abstract

Machine learning models often exhibit not only explicit bias—unequal performance
metrics across subgroups—but also implicit bias, where altering a model’s prediction is
disproportionately difficult across subgroups. In this work, we investigate two complemen-
tary approaches to analyze ways to overturn a model’s decision to achieve a desired label:
modifying test input features and unlearning a set of training samples.

The novelty of our solution lies in combining these two methods with data summa-
rization via informative rule mining that highlights biased subgroups. We demonstrate the
value of REACT by allowing users to detect a model’s implicit bias and compare the biases
of different model versions. The resulting framework is flexible, supporting the definition
of practical constraints on feature-level interventions—for example, by limiting changes to
modifiable attributes.
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Chapter 1

Introduction

Before deploying machine learning models in production, it is critical to assess their perfor-
mance on unseen data. Based on recent interviews with machine learning engineers, it has
been observed that practitioners routinely “slice and dice” model predictions across sub-
populations to uncover systematic mistakes, identify data points similar to these failures,
and use continually updated validation sets designed to capture both distribution shifts
and localized failures in overlooked subgroups [11]. Recent approaches such as Model Slicing
[9], InfoMoD [11], and CAMO [17] enable such model diagnostics by identifying underper-
forming subgroups using metrics such as accuracy, F1 score, or ROC-AUC. For instance,
such methods might find that a new version of a healthcare model performs better overall
than the previous one, but more poorly for younger patients than for older patients. In
high-stakes applications, it is critical to identify biases and take corrective actions such
as collecting more training data or unlearning subsets that reinforce disparities in model
inference.

Recent work has observed that, in addition to ezplicit biases in prediction fairness,
models may suffer from implicit biases [3, 29]. Explicit bias refers to disparities in a model’s
predictions that can be measured using standard fairness metrics, such as differences in
accuracy, false positive/negative rates, demographic parity, also referred to as statistical
parity (similar rates of favorable outcomes across sensitive groups), or equalized odds
(predictions are conditionally independent of the protected attribute given the true label
[22]). Implicit bias, on the other hand, can be captured by recourse metrics, which quantify
the extent to which individuals can either take meaningful actions or require changes to the
training data in order to obtain favorable outcomes from a model. For example, a credit
approval model might appear explicitly unbiased for men and women but still exhibit
implicit disparities: women whose applications are denied may need to add 20 percent



more to their savings than men to be approved, and they may require the removal of more
historically biased training examples to flip the outcome.

1.1 Problem Formulation

There are two ways in which a model’s decision may change for a given example to pro-
vide recourse: modifying the (features of the) example or modifying the model itself, for
example by re-learning it on a different training set. We therefore consider two strategies
for identifying implicit biases: evaluating feature-based and data-based recourse. The dual
perspective on recourse provides a more complete picture of model bias than either ap-
proach alone. Feature-based recourse can be measured by a notion of burden, or distance to
a counterfactual example—a hypothetical instance with modified feature values that flips
the model’s decision from an undesirable to a desirable outcome. For example, increasing
salary to overturn a loan rejection reflects how far an instance must move in feature space
to achieve a favorable prediction. Data-based recourse assesses a model’s recourse brittle-
ness by estimating data counterfactuals [30, 24]—hypothetical modifications to the training
set that would alter the model’s prediction, typically by identifying which and how many
training instances must be removed to induce such a change. This formulation draws on
the broader idea of machine unlearning—removing the influence of specific training data
from a model, with researchers exploring efficient approximation techniques to estimate
the effect of such removals on model outputs. [0, 4]

Existing work on recourse analysis typically focuses on feature-based recourse, ranking
subgroups of a test set by recourse distance—that is, the distance in feature space between
test inputs and their corresponding counterfactual examples|! 7]—or by other related met-
rics [3, 29]. Since there can be many such subgroups, machine-learning engineers require
tools that can summarize recourse analytics to ensure that implicit biases do not go un-
noticed. Likewise, end users can benefit from recourse summarization tools to build trust
in model outcomes, especially in mission-critical fields such as law enforcement, healthcare
and finance. There remains a gap in summarization tools for data-based recourse, where
brittleness arises from dependencies on specific training examples. While recent work ex-
plores how deletions affect individual predictions [24, 37], tools for detecting and explaining
systematic training data effects across groups are still lacking.



1.2 Contributions

To fill these gaps, we present REACT, a tool for REcourse Analysis with Counterfactuals
and Ezxplanation Tables. An overview of the system architecture is shown in Figure 3.1.
Given a test dataset, REACT computes recourse paths (feature or data counterfactuals) for
each example, and summarizes the recourse statistics using the recent work on informative
rule mining (ezplanation tables) [18, 17]. We make the following contributions:

1. Summarizing Recourse Diagnostics.

On the conceptual side, we introduce the new problem of summarizing recourse
fairness. We propose a modular system architecture that decouples the process of
identifying recourse paths from the process of summarizing these paths. We also
incorporate the dual problem of the cost or effort required to flip a model’s decision
from the desirable to the undesirable class. This can provide an indication of model
stability, to complement the implicit bias analysis via recourse distance (as illustrated
in Section 4.3.3).

Moreover, to the best of our knowledge, REACT is the first to summarize data-
based recourse, capturing how easily model predictions can be altered through
machine unlearning. This allows us to apply the rule mining techniques to uncover
patterns of recourse brittleness.

2. Bridging Counterfactuals and Explanation Tables.

On the technical side, we materialize the above design in REACT, with a focus on bi-
nary classifiers. To address the challenge of summarizing recourse diagnostics, REACT
combines feature-based and data-based counterfactual explanations with explanation
tables, which summarize patterns using informative rule mining. This fusion im-
proves the interpretability and actionability of the summaries. For instance, REACT
can identify subgroups where achieving recourse via unlearning is more or less likely
compared to the dataset average or uncover subgroups with multiple viable feature-
based recourse options (such as either putting more money in a savings account or
increasing one’s monthly salary to flip a loan-denied decision to loan-approved).

For efficiency of feature-based recourse, we employ a fast counterfactual mining
method that samples from the space of candidate counterfactuals [36]. To achieve
scalability in data-based recourse calculations, REACT leverages an efficient data
attribution approach—methods that estimate how individual training examples in-
fluence model predictions—as a proxy for retraining-based recourse.



3. Demonstrating REACT.

We describe the REACT user experience with several classifiers trained on police
search and income prediction datasets. Our analysis demonstrates that even equal
or fair accuracy rates may still lead to disparities, such as unequal recourse distance,
where affected subgroups can be summarized by REACT.

To summarize, we introduce a novel approach to fairness diagnostics. Unlike tools such
as InfoMoD [1 1] that summarize explicit biases in model predictions, REACT investigates an
equally critical dimension of implicit bias that may not be evident through model accuracy
analyses. In our work, we also provide a detailed comparison with FACTS [29] that proposes
various feature-based recourse bias definitions to reveal vulnerable subpopulations—we in-
stead focus on a concise presentation of bias analytics, highlighting “surprising” subgroups
whose recourse statistics deviate notably from the average. REACT further advances this
space by being the first to summarize the effects of machine unlearning for implicit bias
analysis—extending ideas from prior work, which assesses training data influence on a
per-sample basis.

1.3 Thesis Structure

The following chapter provides an overview of background concepts and prior work on fea-
ture and data attribution, along with methods for generating counterfactual explanations
and mining informative patterns. Chapter 3 details our contributions and the algorithms
used to achieve the purpose of the thesis. Chapter 4 showcases the application of our con-
ceptual framework to real-world datasets that incorporate protected variables. In Chapter
5, we discuss the constraints of our research and identify possible extensions for further
study.



Chapter 2

Foundations and Related Research

This chapter introduces the foundations behind REACT’s dual approach to recourse: mod-
ifying input features (feature-based recourse, detailed in Section 2.1) or altering the train-
ing data (data-based recourse, detailed in Section 2.2). Since REACT summarizes recourse
outcomes across subgroups, we also discuss techniques for explainable aggregation in Sec-
tion 2.3.

We begin by defining notation. Let TD = {z; = (f;,l;)}{_, be the training dataset
of size d, where each sample consists of a feature vector f; from a feature space F', and
l; is the corresponding label. For a specific sample z;, its k-th feature is written as f;[k].
Similarly, the diagnostics dataset is DD = {x; };‘:1. Depending on its purpose, its samples
may or may not contain a label. We define A as the learning algorithm that maps 7D to
a trained model M, and Zj as the predicted label for a target sample x;.

2.1 Feature-Based Recourse

Feature-based recourse relies on modifying the values of the features of a given example in
order to achieve algorithmic recourse. Formally, for a given example, a counterfactual is
a synthetic example, with some feature values perturbed, that leads to a different model
prediction. Since there can be many potential counterfactuals, some with many features
changed, a minimal counterfactual is one with the fewest features modified to flip the
model’s prediction.

Since there can be many possible counterfactuals for any given example (any feature
can be modified in any way), practical counterfactual generation methods employ some
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pruning strategies to reduce this exponential search space. As a result, these methods
produce approximate solutions, in the sense that they may miss some counterfactuals or
return some that are not minimal [14, 39, 27, 5].

We categorize counterfactual generation methods into black-box approaches, which rely
solely on query access to a model’s API (e.g., predictions), and white-box approaches, which
additionally require access to the model’s internal parameters. For instance, DiCE [36] and
the method by Wachter et al. [15] support both gradient-based and model-agnostic modes,
while FACE [39] and MACE [27] are model-agnostic. Gradient-based counterfactual meth-
ods frame recourse generation as a continuous optimization problem, making them efficient
for differentiable models. Some other model-specific approaches to recourse analysis esti-
mate the exact distance to a decision boundary to assess robustness or the feasibility of
recourse [21, 11]. These approaches typically rely on assumptions of linearity or convexity,
which restricts their applicability in tools like REACT. In contrast, model-agnostic coun-
terfactual methods avoid such assumptions but suffer from a different shortcoming: they
cannot certify infeasibility. As observed in local approximators for non-linear models [14],
these methods may fail to identify recourse not because none exists, but due to incom-
plete search or reliance on heuristics. While problematic in prescriptive settings, this is
acceptable in REACT, a global diagnostic tool.

Model-agnostic methods use a variety of strategies without requiring internal access to
the model. One approach is to sample from the space of possible counterfactuals, using
techniques such as random perturbation or derivative-free optimization. Others enlist the
user to define domain constraints, framing the task as a constraint satisfaction problem
where the goal is to identify feature combinations that adhere to specified rules [27]. When
access to training data is available, methods may also leverage real examples to guide
the search toward plausible perturbations, such as the graph-based approach explained
later in this section. However, staying within the training data distribution can miss valid
counterfactuals, that do not exist in the training set, yet correspond to feasible feature
perturbations.

When counterfactual generation is framed as an optimization problem, the goal is to
formulate a loss function that balances multiple objectives, the primary one being to iden-
tify minimal changes to an input’s features that result in a different model prediction. [35].
One common formulation, introduced by Wachter et al. [15], defines the loss as a combina-
tion of two objectives: proximity to the original input—typically measured using L1 or L2
norms—and prediction validity, i.e., how close the model’s output for the counterfactual is
to the desired label. For example, in a binary setting, if a loan application is rejected, this
formulation seeks a new feature vector—such as increasing income or reducing debt—such
that the model predicts approval while keeping changes to the original profile minimal.



Extending this approach, Mothilal et al. developed DiCE [36], which augments the loss
function by incorporating diversity among the generated counterfactuals—that is, favoring
multiple distinct recourse options rather than near-duplicates. To achieve this, DiCE adds
a regularization term based on determinantal point processes, a probabilistic model that
promotes sets of points that are well-spread in feature space. Moreover, their method
promotes sparsity—that is, counterfactuals that modify as few features as necessary—
through a post-processing step applied to the candidate set.

In addition to its optimization-based approach, DiCE includes random sampling (im-
plemented as DiceRandom), an approach which generates candidate counterfactuals by
randomly sampling points near the original input in the feature space and evaluating
whether they lead to the desired prediction. It does not optimize the loss function di-
rectly, but still applies the same sparsity-promoting post-processing to filter the candidate
set. However, depending on the chosen parameters, the candidate set may still include
redundant examples—that is, examples where one is subsumed by another, as illustrated
in Figure 2.1. In this local counterfactual explanation for a selected individual, the in-
come prediction is flipped by changing two ordinal features: education level and hours
worked per week. In the obtained counterfactual set, candidate 1 subsumes candidate 0 by
achieving the prediction flip with cheaper changes—that is, smaller feature shifts—while
maintaining the same level of sparsity (i.e., the number of modified features is the same).
We address this limitation in the Methodology chapter.

age workclass education-num marital-status occupation relationship race sex hours-per-week native-country income

0 0 2 9 2 4 0 2 1 1 38 0

Diverse Counterfactual set (new outcome: 1)

age workclass education-num marital-status occupation relationship race sex hours-per-week native-country income
0 - - 15 - - - - 4 - 1
1 - 15 - . - - 3 . 1

Figure 2.1: Example of a local counterfactual explanation

Another notable counterfactual generation method is FACE by Poyiadzi et al. [39].
FACE builds a graph over training data points by connecting nearby instances using k-
nearest neighbors or similar proximity-based rules. It then applies a shortest-path al-
gorithm (e.g., Dijkstra’s) to find a counterfactual that lies along a feasible, high-density
path—that is, a sequence of small, realistic steps through regions well supported by the
training data. This ensures that the results resemble real data points, making FACE
well-suited for settings where out-of-distribution suggestions are undesirable. However, its
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reliance on the observed data neighborhoods limits scalability in sparse or high-dimensional
feature spaces, and performance may degrade in noisy or low-coverage domains.

Several works build on counterfactual explanations to define recourse metrics that
quantify the burden required for individuals to achieve favorable outcomes. For exam-
ple, counterfactual fairness assesses whether an individual’s prediction would remain the
same had they belonged to a different demographic group [31]. Actionability—the extent
to which suggested changes are feasible and relevant for an individual—is a key consid-
eration in measuring recourse: some methods constrain counterfactual feature changes to
reflect domain knowledge and user-specific constraints [20], or formulate recourse directly
as an optimization problem under feasibility constraints [44, 25].

Kavouras et al. [29] introduce cost-oblivious fairness metrics, avoiding the need for
predefined cost functions that often require domain expertise. Instead, they evaluate the
diversity of valid feature changes—e.g., whether individuals across subgroups are offered
the same number of effective recourse options. Bell et al. [2] propose metrics that account
for disparities in starting conditions and recourse dynamics over time: effort-to-recourse
and time-to-recourse, which quantify the cumulative burden and the additional time needed
to achieve a positive outcome. However, computing them requires simulating individual
trajectories over time steps.

Karimi et al. [28] emphasize that recourse involves not only understanding decision
changes through counterfactual explanations but also considering actionable interventions.
They use causal reasoning to model how interventions propagate through the system,
ensuring that suggested changes are both actionable and realistic. The goal of our work,
however, is not to prescribe interventions but to evaluate and summarize recourse through
several metrics. We also do not assume that users of our framework have access to a causal
model structure. Instead, REACT accommodates real-world constraints by offering flexible
configuration of feasibility conditions.

2.2 Data-Based Recourse

Data-based recourse quantifies the impact that removing or altering training samples has
on model predictions—by doing so, we adjust the model’s decision boundary to achieve
desirable outcomes. This perspective captures model brittleness: if a prediction changes
after the removal of only a few examples, the decision is less stable and more dependent on
specific training data. Direct retraining after removing training points provides a ground-
truth estimate of recourse, but involves exploring an exponential search space of possible



subsets—making it computationally infeasible in practice, similar to the intractability of
searching all possible feature perturbations explained in Section 2.1. To overcome this,
researchers turn to data attribution methods—they estimate a model’s dependence on
specific training points with little or no retraining. Some of these methods can approximate
the effects of machine unlearning and are particularly well-suited for estimating data-based
recourse.

Data attribution, or instance attribution, has become one of the key approaches for
addressing fairness in model development [23]. One widely used technique in this area is
influence functions [30], which estimate the impact of removing a single training sample
by infinitesimally upweighting it and observing the effect on the loss for a given test point,
using gradient-based approximations derived from the loss function’s derivatives. How-

ever, high-influence samples do not always yield useful insights [21]; for example, instead
of revealing training examples similar to a given example (potentially offering a target
for data cleaning), they often highlight redundant ones. Pezeshkpour et al. [358] found

that simple similarity-based methods, which compare training and test samples based on
their representations in the model’s embedding space (specifically, the penultimate net-
work layer), can be surprisingly effective. In some cases, these methods perform better
than computationally expensive gradient-based influence functions — even though there’s
no guarantee that similarity reflects influence, this straightforward approach successfully
identifies influential training points. Beyond similarity-based techniques, other data attri-
bution methods rely on Shapley values [25, 19], which assign importance scores to training
samples by fairly distributing a model’s output based on their contribution to a prediction,
or empirical influence, which measures the degree of label memorization by the learning
algorithm [13].

Ongoing advances in fast model training with GPU power have allowed Ilyas et al. [24]
to develop an efficient method of estimating data influence: a datamodeling framework.
More recently, TRAK [37] has proven to be as reliable as datamodels while offering an even
faster approach, making it suitable for large-scale models, though limited to differentiable
ones.

The core idea behind datamodeling is to learn a simple linear surrogate function that
maps training samples to their attribution scores, reflecting their influence on the model’s
output for a target example z. Formally, this surrogate function is denoted as go(17p/) :
{0,1}7PI — R, where the binary vector 17p indicates which training samples are included
in a particular subset TD’. The goal is for gy to approximate M4(x; T D')—an output of
a model trained on T'D’ using learning algorithm A. To achieve this, we need to sample a
variety of training sets T'D; using a chosen distribution, as described in [24]. This process,
shown in Figure 2.2, consists of two steps:



1. Training m underlying models on masked subsets of the dataset. For each model i,
a mask is defined by an indicator function 1,p, that specifies whether each training
sample z belongs to it

2. Training a datamodel specifically for a target example x based on a loss function
L(+,-). The learned parameter vector # thus provides a per-sample attribution: each
component 6; estimates the contribution of training sample z; to the model’s predic-

tion on .
DN DN BT
lrp; M, (x; TD;) 1 =
1o, 0 . 1 [MaEDy " T L () MalsTD) Datamodel
(2) 9o
rom— o0 0 .. 0  My7D,)

Target example x
Learning algorithm A

Figure 2.2: Datamodeling framework

The output of the model, used as the target label for datamodel training, can be defined
in several ways—for example, as cross-entropy loss, predicted class probability, or a binary
correctness indicator. Ilyas et al. use correct-class margin, motivated by empirical results
showing that it yields residuals that are approximately normally distributed. It quantifies
the confidence of the model’s prediction by measuring the difference between the logit of
the correct class and the highest logit among incorrect classes:

My (2, TD") = logit.opee (¥) — max logit,(z)

incorrect ¢

We refer to this quantity as the margin in subsequent chapters.

10



To generalize notation from [21], we assume gy is any data attribution function that
assigns weights to training examples, estimating their contribution to the prediction for
x. Then, data counterfactual, or the causal effect of removing a subset R(z) of training
examples, can be written as:

E[Ma(z;TD) — Ma(z; TD \ R(x))] = go(17p) — go(LrD\R(x));

Empirically, datamodel-based estimates—where the weights 6 are coefficients of a linear
function—were proven to align closely with retraining outcomes, even when evaluating the
removal of out-of-distribution subsets from the training data.

2.3 Summarizing Recourse Paths

While individual counterfactuals show how outcomes can be changed for specific instances,
they do not reveal broader trends. To assess fairness in feature-based recourse at the
subgroup level, researchers often compute recourse metrics per sample and analyze top-k
subsets ranked by these metrics [29]. However, this approach may overlook structure in
the data. As an alternative, methods such as decision trees, if-then rules, or rule mining
summarize and interpret recourse patterns across groups [10, 33, 40].

For example, GLOBE-CE identifies global bias by learning class-to-class feature trans-
lations and analyzing which feature changes are consistently required to achieve recourse;
these translations are then expressed as interpretable if-then rules. Cornacchia et al.
[10] use counterfactual reasoning to detect bias in models trained without sensitive fea-
tures by modifying non-sensitive attributes to flip the model’s prediction. They then train
a sensitive-feature predictor that checks whether the counterfactuals remain in the same
group, and the proportion of counterfactuals assigned to a different sensitive group—captured
by the Counterfactual Flips metric—indicates potential proxy-based discrimination.

Unlike previous works, FACTS [29] emphasizes analyzing recourse at the subpopula-
tion level. Subpopulations in FACTS are defined by frequent patterns over feature-value
pairs mined from individuals receiving an unfavorable prediction (the affected population).
Specifically, FACTS applies frequent itemset mining to extract predicates p that define
meaningful subpopulations G,. Each subpopulation is then partitioned into subgroups
Gpv, where v € dom(Fy) corresponds to a value of a protected attribute Fj (e.g., race
or age group). To identify recourse paths, FACTS uses the FP-growth algorithm to mine
frequent action sets from the wunaffected population—individuals already receiving favor-
able outcomes—ensuring that proposed counterfactual changes are realistic and commonly
observed. We compare FACTS with REACT in our experiments in Section 4.4.
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FACTS also introduces several novel definitions of micro- and macro-level aggregations
of recourse. Micro-level metrics are computed individually for each member of a subpop-
ulation (e.g., whether an individual achieves recourse or how much it costs), and then
averaged within the group. Macro-level metrics, in contrast, evaluate the effectiveness of
applying the same counterfactual action to an entire subgroup. This reflects a stricter
criterion: for example, if we apply a fixed change (e.g., “increase education by one level”)
to all individuals in a subgroup, how many of them will actually achieve a positive out-
come? For example, their Fqual Choice for Recourse definition considers a classifier fair if
the protected subgroups G, 1 and G, are offered the same number of sufficiently effective
recourse options—as defined by the metric introduced earlier in Section 2.1. An action is
sufficiently effective if it succeeds for at least ¢% of the subgroup. As will be shown in
the experiments (Figure 4.3), the top-ranked subpopulation—defined by pattern p, which
corresponds to the first line in the figure that starts with “If”—shows that the female
subgroup G fematle has no sufficiently effective recourse options, while the male subgroup
does.

In contrast to feature-based recourse, data-based recourse has not been directly
addressed in prior summarization frameworks. However, recent work on global, example-
based explanations, such as those using machine unlearning, has aimed to capture training-
data-driven causes of explicit bias. Figure 2.3 illustrates the two core components required
to generate data-centric explanations. Instance attribution methods assign importance
scores (weights) to training samples, similar to how feature attribution methods assign
importance to input features. While local interpretations may identify similar training
examples for a given test input or estimate data counterfactuals, global interpretations
focus on patterns—such as recourse-related ones—derived from the training or diagnostics
dataset.
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Data Shapley [17,23]

Figure 2.3: Data-centric explanation pipeline

One global approach on detecting explicit bias through instance attribution is FUME,
proposed by Surve et al. [12] which identifies training data subsets responsible for fair-
ness violations in non-parametric models, such as random forests. The method quanti-
fies a subset’s contribution to group bias—measured using metrics like statistical parity
and equalized odds—by estimating how bias is reduced when the subset is removed. To
avoid retraining models for every candidate subset, FUME leverages machine unlearning
specifically designed for random forests. To make this process tractable, they employ a
lattice-based subset search inspired by frequent itemset mining and apply pruning rules -
these rules remove irrelevant, overly complex, or low-support subsets. Figure 2.4 shows an
example of interpretable subsets of training data that drive model bias in terms of statis-
tical parity on the German Credit dataset, a benchmark dataset containing loan approval
records with demographic and financial features.
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Patterns Support | Parity Reduction
Status of checking account = < 0 DM, Number of people liable = High 5.00% 97.79%
Savings = 100 < ... < 500 DM, Job = Skilled employee / official 7.13% 95.58%
Installment plans = Bank, Debtors = None 12.00% 93.38%
Status of checking account = No checking account, Property = Unknown / no property | 5.25% 91.17%
Housing = Rent, Status and sex = Female divorced/separated/married 10.00% 89.91%

Figure 2.4: Top-5 subsets attributable to statistical disparity in German Credit dataset

[47]

2.3.1 Informative Rule Mining

To achieve an interpretable summary in REACT, we employ the rule mining method intro-
duced by Gebaly et al. [18]. They apply a greedy, information-theoretic strategy to select
a small number of overlapping patterns that together explain the distribution of a target
variable, forming an explanation table. The method is designed to satisfy three key crite-
ria: interpretability, by identifying overlapping patterns in data that highlight macro-level
trends; informativeness, by enabling accurate micro-level reconstruction of the target at-
tribute; and efficiency, through sampling-based heuristics that scale to large datasets. This
makes it well-suited for summarizing recourse metrics, treating them as target variables in
the explanation process.

An example output is shown in Table 2.1. We defer details about how the recourse
cost target is constructed, as these will be covered in the next chapter on counterfactual
generation and recourse metrics. Each rule, or pattern, in the explanation table corresponds
to a subset of the train or test data—an informative subgroup.

To extract patterns that deviate from expected trends, the explanation table identifies
the k£ most informative subgroups with respect to the user-specified target variable—in this
case, recourse cost. In each iteration (constrained by k, the user-defined maximum number
of patterns), the algorithm greedily selects the pattern that yields the greatest reduction
in the Kullback-Leibler (KL)—a measure of how one probability distribution differs from
another—between the true distribution of the target variable and its maximum-entropy
approximation based on the selected patterns.

14



age race Sex native-country = marital-status = recourse_cost = support

o * * * * * 0.342 831

* * Female * * 0.411 127
2  =>50years White Male - * 0.351 210
3 ¢ * * us Widowed 0.510 26

Table 2.1: An example explanation table

The result is a disjunction of patterns, where each pattern is a conjunction of attribute-
value conditions. A star (x) indicates that an attribute can take any value. The last
column, support, indicates the number of test samples matching each pattern. The first
rule in Table 2.1 captures the overall average recourse cost (0.34). The next rule is chosen
to provide the most additional information about the distribution of recourse cost: the
pattern “x, x, female, %, x” indicates that females form a subgroup with a distinctly different
(higher) recourse cost.
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Chapter 3

Methodology

As illustrated in Figure 3.1, REACT examines recourse fairness via two modules:

e a recourse finder (Step (1); and

e a recourse summarizer (Step (2)).

In Step (1), REACT generates counterfactuals for every example in DD. The input to
REACT consists of the dataset DD with labels [ produced by M. The user selects the
counterfactual label. For recourse burden analysis, the desirable class label is selected, and
counterfactuals are generated to assess the cost of flipping the model’s decision to the de-
sirable label. However, the user can also select the undesirable label as the counterfactual
goal, to measure the cost of turning positive examples to negative ones. Without loss of
generality, let [ = 1 be the desired counterfactual label in the remainder of this chapter.
Depending on the type of analysis, the produced counterfactuals are either based on fea-
ture perturbations, or data counterfactuals. The formulation and evaluation of these two
types are described separately in Sections 3.1 and 3.2, with illustrative workflows shown
in Figures 3.2 and 3.3.

The output of Step (D)—a scalar recourse metric, computed for each sample from either
TD or DD—becomes the input to Step (2), the recourse summarizer. Step (2) requires
three parameters: the set of features to summarize, the maximum number of rules, or
patterns, to include in each explanation table, and the minimum support required for a
pattern to be added. The number of explanation tables returned corresponds to how many
the recourse metrics were selected by the user.
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Figure 3.1: The architecture of REACT.

3.1 Feature Modifications Workflow

We divide feature space F' into three disjoint subsets, F¢, the features that can be perturbed
to generate counterfactuals—typically selected by users based on domain expertise to reflect
features that can be feasibly modified; Fg, the features that will be used to construct
subgroups of the test set whose recourse statistics will be compared; and the remaining
features, Fr. In total, FF = Fo U FgU FR, with the first two feature subsets selected by the
user in the REACT web interface.

In Step (1), feature-based REACT generates counterfactuals for every example in T'
with [ = 0, by perturbing the values of F in a way that changes M’s prediction to
[ = 1. In our implementation, we use a model-agnostic version of DiCE [36], which per-
forms a randomized search to generate a candidate set. Due to the stochastic nature of the
sampling-based approximation, this approach may occasionally underestimate the number
of viable recourse options or overestimate the burden (e.g., recourse cost) for individual
instances. Nonetheless, the REACT back end remains compatible with any counterfac-
tual generation technique, and users may substitute alternative methods—such as those

17



discussed in Chapter 2—if more precise or deterministic behavior is required.

Additionally, we filter the produced counterfactuals by removing the redundant ones.
For example, “increase salary by 10%” and “increase salary by 10% and decrease credit
card debt by 20%” are two redundant explanations, but “increase salary by 10%” and
“Increase salary by 5% and reduce debt by 5%” are not redundant, because the second
involves a trade-off between smaller changes in multiple factors, offering a different path
to recourse. The process is described later in this section.

Per individual sample, REACT computes the following metrics, that we have selected
as the most insightful for our summarization purposes among those used in prior work on
recourse analysis [17, 29]:

1. Recourse Awvailability equals one if there exists a counterfactual and zero otherwise
(if no changes to F¢ can produce a new hypothetical example that the model will
predict as [ = 1).

2. Recourse Cost is the distance between the original example and its nearest counter-
factual - we provide the formulation below.

3. Recourse Choice is the number of counterfactuals produced, representing the number
of recourse options; e.g., if either increasing salary or decreasing debt leads to a
rejected loan application being approved, then the recourse choice is two. Clearly,
zero recourse availability implies zero recourse choice.

At the end of Step (D), every example is labeled with its recourse availability and choice.
However, we calculate recourse cost only for samples with a non-empty set of counterfactu-
als. Otherwise, assigning an “infinite cost” would result in a long-tail distribution in Step
@), distorting the average values. The exclusion is not problematic, as individuals without
recourse options are accounted for by the other two metrics.

The ambiguity in defining the recourse cost arises from the fact that the cost of modi-
fying a feature depends on its type. Given a counterfactual ¢/ of a sample z, we use an

adaptation of Gower’s distance [20], suitable for mixed-type set of features Fe:
1
Recourse_cost(z;, 1) = — Z cost(f;[k], £ [k])
IFol e
C

The value of cost(f[k], f¢/[k]) equals a Manhattan distance, range- or rank-normalized,
if k-th feature f[k] is numerical or ordinal respectively. If f[k] is categorical, the cost is 0
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if the original and counterfactual values are the same, and 1 otherwise—that is, a binary
matching coefficient.

The number of features to perturb affects the applicability of each metric. For instance,
if we choose only one categorical feature to perturb, the cost would provide no additional
information beyond recourse availability; the recourse choice, on the other hand, is not
meaningful when only one numerical attribute is altered. Although perturbing more fea-
tures allows for a larger number of potential changes that fuel the insights, it can also lead
to a less interpretable summary. Additionally, some attributes may be more “expensive” to
adjust than others—inequities can arise when individuals from disadvantaged subgroups
are disproportionately encouraged to modify such features. Although Gower’s distance
and similar measures can be adjusted with feature-specific weights to reflect real-world
constraints, these coefficients must be chosen carefully, often requiring input from domain
experts. Importantly, the weights reflecting the cost of changing a feature value are distinct
from the concept of feature importance.

3.1.1 Redundancy Removal

This step impacts the outcome of recourse choice computation. Specifically, we perform
pairwise comparisons of counterfactuals: given ¢/t and 22, we remove x¢/* if both the
following conditions hold true:

1. All numerical and ordinal features of ¢/t are greater than or equal to those in 22,
in case the user intends to flip sample = to a favorable outcome and all features have
monotonic direct relationship(*) with their respective costs of modification. In case
of flipping to unfavorable outcome, all such features must be lower or equal than
those in x¢/2.

2. Categorical features of ¢t and x¢/2 are either identical or features of z¢/2 remain
unchanged from the original sample.

(*) In redundancy exclusions for the current implementation of REACT, we assume that
any numerical or ordinal feature has a monotonic direct relationship with the cost of its
modification. In the other case, we would need the user to provide additional parameters
and handle them in both redundancy removal and recourse cost calculation. For instance,
for some numerical attributes—such as body weight, which may appear in healthcare
domain—both increasing and decreasing its value may impose a burden on the individual
or group.
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3.1.2 Workflow Example

To illustrate the workflow, consider the test dataset for loan approval classification shown
in Figure 3.2. The feature set I’ consists of Sex, Age, Ethnicity and Income. The Approved
label is one if the loan was approved and zero otherwise. Suppose the user selects two sets:
Fe = Income and Fg be the remaining features. That is, if the individuals can modify
Income to turn declined examples into approved ones via counterfactuals, what recourse
patterns emerge within subgroups of the test set identified by Sex, Age and Ethnicity?

Test dataset id Sex Age Ethnicity  Income  Approved
- {0  male 30550  Hispanic 90 1
4
0 male <30 Hispanic 30 0 Recourse costs _
1 male <30 Black 35 0 : id Recourse i
P2 male 30-50 Hispanic 74 0 1
b L L L] 0 10
3 male 30-50 European 70 0
4 male 30-50 European 39 0
5 male =50 European 50 0 3 8
6 male =50 European 36 0 a 31
7 male 30-50 Hispanic 210 1 5 15
8 male =50 Black 100 1 @ 6 24
[ —— R
9 female <30 European 15 0 4 D
10 female <30 Hispanic 50 0 i £
11 18
11 female <30 Black 85 0
12 25 @
12 female 30-50 Hispanic 73 0
13 20
13 female =50 Black 46 0
14 68
14 female =50 Hispanic 20 0 ¥
15 female  230-50  European 150 1 Recourse cost summary

® * * 13

34.2
female * * 45.2 8
= <30 * 47.6 5]
* * European 31.6 5
* * Hispanic 35.8 5
female * Hispanic 51.0 3

Figure 3.2: The workflow of summarizing recourse cost of feature modifications.

Consider the test example with id=2 and Income=74. The nearest counterfactual for
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this example is shown in the top-right corner of Figure 3.2, with Income increased to 90,
for a recourse cost of 16. Note that there can be multiple non-redundant counterfactuals
if there are multiple features in Fo. Also note that this example did not normalize Income
for simplicity, but REACT would do this before computing recourse cost.

Next, suppose we are interested in recourse cost analysis. We show a table with a single
column of recourse cost computed for every example in the test set with the undesirable
label of zero (and recourse availability one), of which there are 13.

Finally, in the bottom-right corner of Figure 3.2, we show the explanation table for
recourse cost target, with & = 6 and minimum support of 20%. The first three columns are
the features in Fg: Sex, Age and Ethnicity. The next column is the average recourse cost
for each subgroup (defined below) reported in the explanation table. The last column is
the support of (i.e., the number of examples with the undesirable label in) each subgroup.

The first row of the explanation table, all stars, corresponds to all examples with the
undesirable label, where the average recourse cost is 34.2. The next rule states that for
Sex=female, recourse cost is higher at 45.2. The next rule states that for agej30, recourse
cost is even higher at 47.6, and so on. Overall, the explanation table indicates that young
individuals as well as females, especially Hispanic females, incur a higher than average cost
to overturn a loan denial. On the other hand, the recourse cost for European individuals
is lower than average. This gives a summary of the implicit bias of the model, drawing
attention to subgroups with surprising or unusual recourse statistics.

3.2 Data Unlearning Workflow

As introduced in Section 2.2, data-based recourse captures how removing specific training
points can alter model predictions. We choose datamodels as our data attribution method,
a machine unlearning proxy that allows us to estimate data counterfactuals, due to their
strong empirical alignment with full retraining outcomes, even on out-of-distribution sub-
sets. Although any model-agnostic method can be used in our workflow, datamodels strike
a practical balance between attribution quality and computational efficiency. In this sec-
tion, we define two formalizations of data-based recourse metrics and then describe how
to extract patterns from their distributions using explanation tables.

Our goal is to identify the minimal subset of T'D that must be removed to flip the
model’s prediction on a given sample x. This builds upon the concept of data support
introduced by Ilyas et al. [24], which measures the brittleness of model predictions under
data removal. In their formulation, data support refers to the smallest subset R C T'D
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such that models trained on 7D \ R misclassify = on average. In contrast, we refine this
definition to focus not just on misclassification, but on the smallest subset that actively
flips the model’s decision for z—which aligns more directly with our notion of data-based
recourse.

To achieve this, we adapt data support estimation algorithm [24] to Algorithm 1, which
identifies training subsets whose removal leads to a change in the predicted label. The
number of such samples—i.e., the cardinality of the minimal subset required for a flip—is
what we refer to as recourse support. Motivated by the reasons discussed in Section 2.2,
we choose the margin as the model output function M,. First, we initialize a buffer B
to store margin estimates (line 2) and compute an initial margin m of a chosen sample x
(line 3), which corresponds to an output of the model trained on full dataset. Then, for
a range of candidate subset sizes k € K (line 4), the algorithm identifies a subset Ry of
size k whose removal is most likely to change the prediction. We determine a subset of k
training examples based on the sign of the margin:

e If m > 0 (correct prediction), we remove training samples corresponding to the
highest positive datamodel weights 6 to weaken support for the correct class.

e If m < 0 (incorrect prediction), we remove samples corresponding to the most nega-
tive weights 6 to reduce opposition to the correct class.

This adaptation provides a closed-form solution (avoids exhaustive subset search by
using a selection strategy based on datamodel weights) to lines 6 and 8 in Algorithm
1, ensuring an efficient estimation of the minimal training subset necessary for achieving
recourse.
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Algorithm 1 Data Attribution-Guided Estimation of Recourse Support for Prediction
Flip
1: procedure RECOURSE_SUPPORT (z,TD, gy, K)

2: B« H

3 Compute initial margin m = My (z, T'D)

4 for k € K do

5 if m > 0 then > Initially correct prediction
6: Ry, < argming—, go(TD \ R)

7 else > Initially incorrect prediction
8 Ry, + argmax|g—; go(TD \ R)

9: end if

10: Estimate E[M4(z;TD \ Ry)]

11: Append (k,E[Ma(z;TD \ R)]) to B

12: end for

13: Compute piecewise-linear interpolation h(-) from B

14: k< k for which h(k) =0

15: return TOP—K(Q,]% x 1.1) > Conservative estimate

16: end procedure

In line 10, we estimate E[M4(z;TD \ Ry)] by retraining the model, and the result
is stored (line 11). We could also use a simpler heuristic with no retraining, estimating
recourse support by finding the smallest £ such that the sum of the top-k datamodel
weights exceeds the average margin of x, without a need to retrain. While computationally
efficient, this approach does not guarantee minimality in identifying the subset that flips the
prediction. The number of such retraining steps performed corresponds to the size of the
set K; for example, if K = {1,5,10,100,...}, the model will be retrained on datasets with
the top-1, top-5, top-10, and so on training points (as ranked by ) removed, respectively.

After iterating through all values of k, a piecewise-linear interpolation is fitted over
the buffer to approximate when the model’s margin crosses zero (lines 13-14), meaning
the prediction on the sample x was flipped. Finally, the algorithm returns a conservative
estimate of the top training samples to unlearn, scaled slightly beyond the estimated flip
threshold (line 15).

To analyze aggregated data counterfactuals using explanation tables, we define two
methods for computing the target value, assuming users have access to both the training
dataset (T'D) and the labeled diagnostics dataset (DD). In this context, we define the
grouping set as the input dataset over which the explanation table is constructed—i.e., the
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set of data points to be grouped into rules. Either dataset can serve as the input for an
explanation table, and we introduce two target definitions for data-centric REACT:

1. DD as the grouping set. Each test sample x; € DD is associated with a recourse
support value—a target representing the minimal number of training samples that
must be removed to alter its prediction, estimated via Algorithm 1.

A higher recourse support of a subgroup suggests that its features are strongly
integrated into the model’s decision-making, making predictions more resistant to
changes in training data. This can reflect meaningful generalization. However, if a
protected subgroup exhibits high recourse support, it may indicate a need to inves-
tigate potential bias in the dataset. Conversely, low recourse support may suggest
over-reliance on a few specific training points, which could signal spurious correla-
tions, data poisoning or train-test leakage - a lack of robustness in the model’s learned
patterns.

2. TD as the grouping set. The target—unlearning count—reflects how frequently a
given training sample z; € T'D is selected for removal when Algorithm 1 is applied
across all samples in DD. To compute this, we maintain a dictionary with training
IDs j as keys, incrementing the count whenever z; is included in the estimated min-
imal subset required for unlearning. A higher average frequency indicates that the
subset plays a critical role in shaping model inference.

3.2.1 Workflow Example

Figure 3.3 illustrates a worked example of our data-based recourse pipeline, applied to a
synthetic dataset. In this scenario, we focus on the first target definition—the number of
training examples that must be removed to flip a model’s prediction. For each test individ-
ual predicted as not approved, we use Algorithm 1, yielding a scalar recourse support. For
example, for the test instance with id=12, the algorithm estimates that unlearning just 5
training samples would be sufficient to flip the prediction.

We choose the first three protected features as an input to Step (2). Following the same
rule mining process described earlier, the aggregation shows which patterns are more or less
prone to brittleness: for example, pattern “male, *, Furopean” has a higher-than-average
value compared to the overall population indicating that individuals in this group require
more training examples to be removed in order to change their outcome.
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Test dataset

Num. of unlearned samples
30 0

id Recourse
1] male <30 Hispanic support
1 male <30 Black 35 0 [i} 3
2 male 30-50 Hispanic 74 0 1 (2]
3 male 30-50 European 70 0 2 =
- 3 86
a male 30-50 European 39 1] Recourse support summary
4 88
z sl = ELIZ ST a0 v z = Ethnicity Recourse Support Support
6 male =50 European 36 0
5 s o & & 68.0 13
7 male 30-50 Hispanic 210 1 _— —_—
9 65 male = European 83.5 4
8 male =30 Black 100 1
10 S0 female = Hispanic 57.6 3
9 female <30 European 15 0 1 7%
10 female <30 Hispanic 50 o
11 female <30 Black a5 0 13 89
{12  female 3050  Hispanic 73 0 11 78
13 female =50 Black 46 0
14 female =50 Hispanic 20 0
Unlearned train samples
15  female  30-50 European 150 1
Sex Age Ethnicity Income Approved
female =50 European 30 0
female 30-50 Hispanic 30 [4]

Figure 3.3: The workflow of data-based REACT: summarizing recourse support metric.
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Chapter 4

Experiments

This chapter presents experiments conducted with the REACT tool on two real-world
datasets. The tool is intended for users such as model engineers and Al auditors.

4.1 Implementation Details

We implemented most of REACT in Python, with an interactive web interface built using
Streamlit (see Figure 4.1 for the front end). The explanation table generation component
is written in C++ for improved performance. We extended it to support a numerical
target attribute by adapting the original algorithm and optimizing the iterative process
for scalability on datasets with a large number of records, following techniques described
in STRUM [14].

4.2 Datasets and Model Training

The first dataset is the the Adult Income - a census dataset with the binary label indicating
whether an individual earns more than $50,000 per year. Among 10 attributes, sex, race,
and native country are protected features; some studies also classify age, marital and
relationship status as protected. The dataset contains 45,222 instances in total, split into
31,655 for training (70%) and 13,567 for testing (30%). The split was stratified by the
ground truth label.
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The second dataset is the Toronto Police Strip Search, containing demographic at-
tributes of arrested individuals, features describing the circumstances of their arrest, and
a label indicating whether they were strip-searched. It was released as part of the police
service’s efforts to identify and reduce potential systemic racism in policing practices [13].
In our analysis, we consider race, sex, and age group as protected attributes. The dataset
consists of 65,078 instances, with 52,062 used for training (80%) and 13,016 for testing
(20%), also using a stratified split by the outcome label.

For both datasets, we trained gradient-boosted decision tree classifiers using the XG-
Boost library. Because the datasets are imbalanced, we employed a pipeline that first
applies SMOTE [5] to increase the minority class by creating synthetic samples, and then
applies a random undersampling technique to reduce the majority class.

4.3 Feature-Based Recourse

In this subchapter, we describe three user investigation scenarios with feature modifications-
based REACT.

4.3.1 Recourse Disparities in Salary Predictions

We start with the Adult Census Income dataset, which is widely used to evaluate algorith-
mic fairness. We begin by analyzing the first XGBoost classifier trained on this dataset
without applying any techniques to balance accuracy across protected groups. Previous
work on explicit bias analysis shows a poor classification performance (explicit bias) for
females and individuals from non-White racial groups [1].

Suppose the user aims to assess the difficulty of flipping to a positive prediction (annual
income over $50,000), selecting education level as F, with 16 distinct values from Preschool
to Doctorate, to perturb in Step (1), recourse availability as a target metric, and Fs as
shown in Figure 4.1. REACT outputs the explanation table shown in Table 4.1. Note that
not all the features listed in Step (2) may be displayed in the tables—REACT runs a post-
processing step removing features that do not participate in any rules. First, the average
recourse availability across 9,966 samples is 36%. The summary then shows that 79% of
married individuals achieve recourse, but only 33% of males without a family do (Rules
1, 6). Users can try other grouping attributes: running REACT with relationship and sex
in Fg reveals an even lower recourse availability of 20% for females with a “not-in-family”
status.
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REACT: Recourse Analysis with Counterfactuals
and Explanation Tables

Select metrics - the targets for explanation tables:
Recourse availability Recourse choice

Select a model

adult_classifier_... x

STEP 1: Select features to perturb in counterfactual generation Label of returned counterfactuals

education-num x Qv 1

STEP 2: Select features for summarization

workclass x W relationship x @ race x native-country x

Number of returned subgroups for tables Min support parameter for tables

6 o D 1%

Run diagnostics

Recourse cost

Figure 4.1: The feature-based REACT parameter selection.

age relationship  race sex native-country recourse_availability
o * * * * * 36%
1 * Married * * * 79%
2 (41,50 * * * * 72%
3 (34,41] * White * us 57%
4  >50years * * * * 54%
5 (26,34] * White Male US 49%
6 * Not-in-family * Male * 33%

support

9,966

2,862

1,457

1,221

1,619

1,174

1,717

Table 4.1: Recourse availability explanation table when changing education level to gener-

ate counterfactuals.
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We continue the recourse diagnostics by selecting two more sets Fi: [workclass, occupa-
tion] and hours-per-week, binned into four categories ranging from part-time to overtime.
For workclass and occupation perturbations, we choose recourse cost and only the protected
attributes to summarize by. In this very example, the cost of modifying these categorical
features is either one or two per individual, corresponding to changing workclass and/or
occupation to flip the prediction. The generated explanation table, shown in Table 4.2,
reveals implicit bias patterns: subgroups of Mexican nationals and Black adults (Rules 1
and 3) with the average costs of 1.67 and 1.37, both exceeding the overall average of 1.31.
For hours-per-week, including all the features in Fyg, recourse availability shows that the
model is more likely to predict higher income for males over 34 years if their number of
working hours were to increase.

narital-status relationship = race sex native-country recourse_cost support
o * * * * * 131 3,017
* * * * Mexico 1.67 113
2 " Mot-in-family * * * 1.53 421
" * Black * * 1.37 176
4 Married-civ-spouse * White Male * 1.29 1,970

Table 4.2: Recourse cost, changing workclass and occupation.

4.3.2 Fairness-Driven Model Comparison

To illustrate how users can evaluate the impact of model updates on recourse fairness, we
extend our analysis of the Adult dataset by introducing an additional XGBoost model with
a modified training pipeline. This pipeline equalizes accuracy with respect to sex as one
of the protected subgroups (explicit bias). Using the Fairlearn library [1(], we remove any
correlation of input features with sex as a preprocessing step. Next, we apply GridSearch
proposed by Agarwal et al. [1] to select model parameters in a way that balances accuracy
(measured by the F1 score) and fairness (evaluated using statistical parity).
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In this use case, we select only a few features for summarization in Step (2), including
the sex attribute—which is our primary focus—to avoid obtaining overly granular patterns
that might reveal disparities related to other protected features.

Suppose the user wants to counterfactually modify hours-per-week to determine whether
any implicit bias exists in the modified model. REACT shows that men’s recourse avail-
ability is 23.7% higher compared to the overall average (7.3% compared to 5.9%, see Table
4.3). This represents a reduction in the advantage for men, as compared to the initial ex-
plicitly biased model, where it was 50% higher (12% compared to 8%). The user observes
the same trend when generating counterfactuals for two additional feature sets, [workclass,
occupation] and [education].

ace ecourse_availability upport

* 5.9% 10,952

- 8% 9,966
Male * 7.3% 6,955

Asian-Pac-Islander 12% 281
Asian-Pac-Islander 11.8% 297

Male Black 10% 525
Female White 3.9% 3,206

Male * 12% 5,980
4 Male Black 8.5% 568

White 9% 8,348
Male Asian-Pac-Islander  15.5% 181

Male White 12% 5,153
White 5.9% 9,259

Table 4.3: Comparison of recourse availability when changing hours per week between the
first model (explicitly biased, left) and the second model (right).

In this use case, REACT shows that eliminating explicit bias in terms of demographic
parity did not fully equalize recourse (implicit bias), revealing persistent gender disparity
despite some improvement. This highlights the need for tools such as REACT to assess
model unfairness, which can help with building new models that can balance all three
factors: overall accuracy, fairness in accuracy, and fairness in recourse. One actionable
insight enabled by REACT is selecting the best-performing model version by fairness in
recourse.
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4.3.3 Fairness in Pathways for Strip Decisions

We now turn to analysing the gradient-boosted tree trained on Police dataset. Assume the
user decides, unlike in the previous two use cases, to analyze the likelihood of the model
changing an arrestee’s classification to an undesirable outcome (labeled as 1, indicating a
strip search, with the “label of returned counterfactuals” also set to 1) and selects recourse
choice as the metric. For the counterfactual features in Step (1), they choose occurrence
category (the type of incident leading to the arrest) or location of the arrest, aggregated at
the Division level. In this setup, if a protected pattern appears with a higher average num-
ber of recourse choices, it reflects greater vulnerability—a wider range of feature changes
under which the model would assign the undesirable label.

As shown in Table 4.4, REACT reveals that two protected subgroups—Black males
(Rule 9) and young White arrestees aged 25 to 34 years (Rule 10)—would be predicted
as strip-searched given more options where they could have been arrested, instead of their
actual arrest location (averaging 3.02 and 4.03 recourse options, respectively, compared to
2.60 for the overall population). For the occurrence category, the model is more likely to
flip its prediction to the undesirable outcome for males than for females, during the second
arrest quarter in particular, when more alternative reasons for arrest are considered.

arrest_quarter race  sex age occurrence_category combative_actions assaulted_o recourse_choice support

2.60 10,573

Warrant * * 8.34 555

21 * - * * False * 4.21 2,363
303 * * * * * False 3.38 2,599
4 2 - * * * * False 3.02 2,473
Robbery & Theft * * 450 1,438

Male * Assault & Other crime * * 4,88 710

FTA/FTC (Compliance * * 3.62 1,138

White ~ * * * - 3.13 4,350

Black Male * * * - 3.02 2,170

0 - White * Aged 25 to 34 years * * * 4.03 1,212
1 = * * * Drug Related * * 11.00 210

Table 4.4: Recourse choice explanation table when modifying arrest location.
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4.4 Comparison with FACTS

The following outlines key differences between the FACTS and feature-based REACT ap-
proaches:

1. Main Parameters
In FACTS, the user defines an affected population - a subset based on a chosen
sensitive attribute and a label corresponding to an undesirable outcome predicted
by a model. Unlike FACTS, REACT does not require the sensitive attribute to be
defined in advance, although one or more such attributes may be incorporated into
Fe, Fg, or both, REACT additionally supports counterfactual analysis targeting flips
to an undesirable prediction, which inverts the interpretation of aggregated metrics.

2. Counterfactual Generation Step
In FACTS, generating feature modifications (actions) by applying the frequent itemset
mining on the unaffected population improves computational efficiency and increases
the relevance of suggested actions. Therefore, constraining the analysis to a sin-
gle protected attribute—though it can be considered a limitation—allows FACTS to
compute counterfactuals significantly faster than DiCE used in REACT.

3. Summarization Step
FACTS ranks subpopulations by unfairness scores, computed as disparities in a chosen
metric across subgroups, while REACT employs rule mining, detailed in Section 2.3.1,
to identify patterns of recourse that diverge most significantly from the population
average.

FACTS also allows users to define domain-specific weights for a feature set, which influ-
ence recourse cost-based formulas. However, this does not resolve the issue of imbalanced
cost across different feature types—a limitation shared by REACT. Furthermore, although
the authors of FACTS propose a cost function similar to the Gower distance used in our
framework, their formulation is even more imbalanced: ordinal feature changes are not
scaled proportionally to their range, treating all level transitions as equal.

Overall, REACT is designed to offer a concise summary of recourse rules for a fixed set of
allowed feature modifications, making it well-suited for model engineers seeking actionable
insights. In contrast, FACTS provides a broader diagnostic audit over the entire feature
space and action set for a fixed protected attribute, making it more appropriate for de-
tailed fairness investigations by model auditors. The frameworks are complementary—each
summarizes group-level disparities through distinct, structured, feature-based patterns.
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First, consider an example of a recourse report produced by FACTS on the (explicitly
biased) Adult Income classifier we analyzed in previous section, and juxtapose it with re-
sults from REACT. In our comparison experiment, we focus on sex as a sensitive attribute.
Figure 4.2 shows a subpopulation with the highest disparity in Equal Effectiveness—a
metric defined by the FACTS authors to capture whether the same proportion of individ-
uals across protected subgroups can achieve recourse—closely aligning with our notion of
aggregated recourse availability. Notably, this subpopulation comprises White individuals
from the ‘Private’ workclass whose native country is the United States - FACTS reports
bias against the female subgroup within this population. A similar implicit bias pattern
can be derived using REACT, in case the user sets F :[education-num, hours-per-week], as
shown in Table 4.5, specifically in Rules 5 and 10.

If age = (26, 34], education-num = Some-college, hours-per-week = (39, 40], native-country = US, race = White, workclass = Private:
Protected Subgroup 'Male’, 1.74% covered out of 5980
Make education-num = Bachelors with effectiveness 39.42% and counterfactual cost = 3.
Make education-num = Bachelors, hours-per-week = (40, 55] with effectiveness 55.77% and counterfactual cost = 4.

Make age
Make age
Make age
Make age
Make age
Make age
Make age
Make age
Make age
Make age
Make age
Make age

Protected Subgroup 'Female’

(34,
(34,
(34,
(34,
(41,
(41,
(41,
(41,
(41,

41] with effectiveness 55.77% and counterfactual cost = 10.

41], hours-per-week = (40, 55] with effectiveness 55.77% and counterfactual cost = 11.

41], education-num = Bachelors with effectiveness 55.77% and counterfactual cost = 13.

41], education-num = Bachelors, hours-per-week = (40, 55] with effectiveness 60.58% and counterfactual cost = 14.
50] with effectiveness 60.58% and counterfactual cost = 20.

50], hours-per-week = (40, 55] with effectiveness 61.54% and counterfactual cost = 21.

58], education-num = Bachelors with effectiveness 61.54% and counterfactual cost = 23.

50], education-num = Bachelors, hours-per-week = (40, 55] with effectiveness 64.42% and counterfactual cost = 24.
50], education-num = Masters, hours-per-week = (40, 55] with effectiveness 90.38% and counterfactual cost = 25.

>50 years with effectiveness 90.38% and counterfactual cost = 30.

>50 years, education-num = Bachelors with effectiveness 90.38% and counterfactual cost = 33.

>50 years, education-num = Bachelors, hours-per-week = (4@, 55] with effectiveness 90.38% and counterfactual cost = 34.
Aggregate cost of the above recourses = 0.90

1.58% covered out of 3986

B
Make education-num = Bachelors with effectiveness 6.35% and counterfactual cost = 3.

Make education-num

Make age
Make age
Make age
Make age
Make age

Make age

(34,
(34,
(34,
(34,
(41,

Bachelors, hours-per-week = (4@, 55] with effectiveness 9.52% and counterfactual cost = 4.

41] with effectiveness 9.52% and counterfactual cost = 10.

41], hours-per-week = (40, 55] with effectiveness 9.52% and counterfactual cost = 11.

41], education-num = Bachelors with effectiveness 9.52% and counterfactual cost = 13.

41], education-num = Bachelors, hours-per-week = (40, 55] with effectiveness 11.11% and counterfactual cost = 14.
58] with effectiveness 11.11% and counterfactual cost = 20.

>50 years, education-num = Bachelors, hours-per-week = (4@, 55] with effectiveness 19.05% and counterfactual cost = 34.
Aggregate cost of the above recourses = 0.19
Bias against Female due to Equal Effectiveness. Unfairness score = 0.713.

Figure 4.2: Subpopulation identified by FACTS with highest unfairness in aggregate effec-
tiveness between female and male subgroups (equivalent to recourse availability in REACT).
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age workclass occupation race sex native-country recourse_availability support

0o * * * * * * 57% 9,966

(41, 50] * * * * * 97% 1,457

2 (34,41] * . . * * 89% 1,608
3 =50years * * * * * 88% 1,619
(26, 34] * * * Male * 54% 1,547

* * * White Male us 65% 4,704

* * Exec-managerial * * ' 80% 791

T (26, 34] * * White ~ us 49% 1,744
* * Craft-repair * * * 76% 1,341

* * Machine-op-inspct  * Male ' 72% 632

10 (26, 34] Private * * Female * 31% 661

Table 4.5: Informative subgroups on recourse availability obtained by changing education
level and hours-per-week

For recourse cost calculation in FACTS, we assigned the following weights: {"race":
10, "sex": 10, "age": 10, "native-country": 10, "marital-status": 1,
"relationship": 1, "occupation": 1, "workclass": 1, "hours—-per-week": 1,
"education-num": 1}. In REACT, all features are equally weighted, which is acceptable
as the first four attributes listed above are not perturbed (excluded from the set of features
permitted for constructing Fr). As seen on the Figure 4.2, for the surfaced subpopulation,
FACTS provides information about each recourse option along with its cost.

We now run FACTS using the Equal Choice for Recourse metric, which adopts a macro-
level interpretation of fairness, and set minimal effectiveness threshold for a recourse option
to ¢ = 20%. Figure 4.3 presents one of the top-15 subpopulations identified using this cri-
terion, showing that female subgroup has no effective recourse options and achieves a high
unfairness score. While most subpopulations primarily involved counterfactual changes to
age, several—such as the one shown—featured changes to [education-num, hours-per-week,
workclass]. Notably, the corresponding subpopulations often shared overlapping features,
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which limited the readability of the resulting summary.

If hours-per-week = (39, 4@], native-country = US, occupation = Machine-op-inspct, workclass = Private:

Protected Subgroup ‘'Male’, 6.18% covered out of 5988
Make hours-per-week = (4@, 55], occupation = Exec-managerial with effectiveness 43.29%.
Make occupation = Craft-repair with effectiveness 20.82%.
Make occupation = Exec-managerial with effectiveness 31.51%.
Make hours-per-week = (4@, 55], occupation = Prof-specialty with effectiveness 4@.55%.
Make occupation = Prof-specialty with effectiveness 30.68%.
Make hours-per-week = (4@, 55], occupation = Sales with effectiveness 30.96%.
Make hours-per-week = (4@, 55], occupation = Craft-repair with effectiveness 29.59%.
Make occupation = Sales with effectiveness 28.49%.
Make hours-per-week = »>55 hrs, occupation = Exec-managerial with effectiveness 43.84%.
Make occupation = Tech-support with effectiveness 28.49%.
Make hours-per-week = >55 hrs, occupation = Prof-specialty with effectiveness 29.32%.
Make occupation = Prof-specialty, workclass = Local-gov with effectiveness 28.22%.
Make hours-per-week = >55 hrs, occupation = Sales with effectiveness 30.68%.
Make hours-per-week = (4@, 55], occupation = Exec-managerial, workclass = Self-emp-inc with effectiveness 51.23%.
Make occupation = Protective-serv, workclass = Local-gov with effectiveness 31.23%.
Make hours-per-week = (4@, 55], occupation = Prof-specialty, workclass = Local-gov with effectiveness 28.77%.
Make hours-per-week = (4@, 55], occupation = Prof-specialty, workclass = Self-emp-not-inc with effectiveness 40.82%.
Make hours-per-week = (4@, 55], occupation = Sales, workclass = Self-emp-not-inc with effectiveness 3@.68%.
Make occupation = Adm-clerical, workclass = Federal-gov with effectiveness 3@.41%.
Make occupation = Exec-managerial, workclass = Self-emp-inc with effectiveness 41.92%.
Make hours-per-week = >55 hrs, occupation = Exec-managerial, workclass = Self-emp-inc with effectiveness 49.59%.
Make hours-per-week = (4@, 55], occupation = Adm-clerical with effectiveness 22.47%.
Aggregate cost of the above recourses = -22.00

Protected subgroup 'Female’, 3.36% covered out of 3986
No recourses for this subgroup
Aggregate cost of the above recourses = ©.00

Bias against Female due to Equal Choice for Recourse(Macro) (threshold = ©.2). Unfairness score = 22.0.

Figure 4.3: Subpopulation identified by FACTS with high unfairness in macro-level choice
for recourse

When we set these features as Fo in REACT and apply the recourse choice metric, racial
and ethnic bias is surfaced through separate rules in the explanation table (Table 4.6).
In contrast to FACTS, REACT employs a micro-level interpretation, computing recourse
options at the individual level prior to aggregation. The macro perspective provided by
FACTS is particularly useful for filtering out actions with low subgroup-level effectiveness,
thereby strengthening the fairness assessment by excluding actions unlikely to generalize
within subgroups.

35



marital-status relationship = race sex native-country recourse_choice suppo

* " * " * 4.00 9,966
1 * Married * * * 12.28 2,862
- * White Male * 6.05 5,153
- Not-in-family * Male * 1.23 1,717
4 Married-civ-spouse  * White ' us 12.46 2,313
5 * Unmarried * Male * 1.98 333

Table 4.6: Informative subgroups on recourse choice obtained by changing education level,
hours-per-week and workclass

4.5 Data-Based Recourse

For the Adult Income explicitly biased model, the histogram on Figure 4.4 shows a distri-
bution of minimal number of the minimum number of training samples needed to unlearn
to achieve recourse to a higher income. For around 11% of test samples, it is enough to
unlearn less than 100 train samples. For individuals for whom recourse can be achieved
without unlearning the entire 7D, median support value is 24,723 samples (the train set
size is 31,655 samples). The first table (Table 4.7) shows patterns summarizing this distri-
bution of support. On average, 23 thousand data points have to be unlearned to change
a model’s decision boundary in favor of a desirable outcome - that’s around 2/3 of the
training data. The patterns show that females require more data to unlearn on average.
Among males, however, the youngest adults form a subgroup with significantly less brit-
tle predictions. As well as feature-based experiments, data-centric recourse aggregations
revealed potential gender bias.

36



4000 -

3500 A

3000 A

2500

2000 A

Frequency

1500 1

1000 4

500 1

M————— s ]

T 1
5000 10000 15000 20000 25000 30000
Recourse Support

o 4—

Figure 4.4: Histogram for the target distribution of data recourse support for adults labeled
as low-income by explicitly biased model

age workclass  education-num marital-status occupation relationship race sex \ours-per-week \ative-country recourse_support  support
o * * * - * * * * * 23311 9966
Never-married ~ * * * * : * 28816 4370
2| * * * * * * Female * * 27201 3986
3 | <26years * * * " * * Male > * 29754 1663
4 " * * Divorced * * * * 25714 1752
Private * * * - * - (39, 40] * 24481 3926
* * * " Other-service * * * * * 28652 1444
7 <25hrs * 28442 1389
* * * * * (25,39] : 26891 1416
HS-grad - - Not-in-family ~ * - - * 28635 1024

Table 4.7: Summary of data recourse support for low-income adults, first model (explicitly
biased).

The second Adult Income model has similar patterns (Table 4.8), however, Rule 6
indicates a more fine-grained pattern that highlights female adults specifically from Private
workclass. Again, this suggests that traditional bias elimination techniques may fall short
in fully addressing underlying biases.
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<26 years *

(26,34]

6 |* Private

education-num

HS-grad

marital-status

Never-married

Divorced

*

*

Separated

occupation

*

Other-service

-

*

elationship

Not-in-family

race

.

sex hours-per-week

. *

- (39, 40]

Female *

B B

. (25,39]

- .

ative-country

recourse_support

22549

29216

25993

30562

29244

25206

27401

27392

27601

29418

support

10952

4397

1774

2943

1442

1315

3189

402

1425

1026

Table 4.8: Summary of data recourse support for low-income adults, second model.

Interestingly, unlike feature-centric REACT, the data counterfactuals perspective with
DD as the grouping set did not surface any racial bias in either of the two models.
This suggests that this perspective alone may not be sufficient for diagnosing implicit
bias. To address this, we turn to the second target definition—using T'D as the underly-
ing dataset—to examine which training samples are most frequently unlearned. Notably,
race-related patterns do appear in the explanation table in Table 4.9, where the target—
unlearning count—is assigned to each training sample. However, the average unlearning
frequency across surfaced subgroups does not differ significantly from the overall average,
complicating its interpretation as a signal of systemic bias.
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age workclass = education-num narital-status ~ occupation elationship  race sex hours-per-week iative-country  unlearning_count  support

0 * * * " " . * * * * 4171 31655

* * * * Sales - * * * * 4245 3776

2 0" Private HS-grad * * Married * Male * * 4252 3023
* " * " " " * Female * * 4186 10305

4 (34,41] Private * : : : * * * * 4224 4260
(34,41] Private * - - - * Male * * 4245 3003

* * * Divorced : * White * ‘ us 4214 3677
70" * * Divorced * * * * * * 4204 4456
* * N Divorced " " White " * 4211 3833
(41,50] * * - - - * Female * * 4257 1779

10 * Private Bachelors - - N * * * * 4218 3604
11 Private Bachelors * * * White * * * 4220 3217
12 " * * " " Married * " >55 hrs * 4265 1760
13 * * : : : * * (40, 55] * 4198 6910
14 = * * * " * White * (40, 55] * 4198 6380
15 * * * - - * * * (40, 55] us 4196 6477

Table 4.9: Summarizing a target indicating how frequently a given adult income training
sample is being “machine-unlearned”.

For the Toronto Police model, the second target definition results in aggregation shown
in Table 4.10. All of the top 15 subgroups include “sex = Male”, and three of them also
contain “race = White” in combination with other patterns, indicating a reliance on these
protected attributes when unlearning data to flip predictions on the diagnostics dataset.

Table 4.11 and Table 4.12 show the aggregation of recourse support for flipping pre-
dictions for arrestees who were labeled strip-searched and those who were not, respec-
tively. We provide the corresponding histograms in Figure 4.5. We observe that the first
subset—comprising individuals predicted by the model as strip searched, the undesirable
outcome—is associated with a significantly greater brittleness than the other subset, lower
recourse support, and two protected attributes (race and sex) included in the informative
patterns. This can be connected to the higher rate of misclassifications observed within this
subset, and highlights importance to run explanation tables separately on subsets labeled
with [ =1 and [ = 0.
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arrest_quarter race | sex  age location  occurrence_category = concealed_items ~combative_actions  resisted_actions = mental_inst = assaulted_o cooperative unlearning_count = support

- 5075 52,062

Male  Aged25to34years * * - * False * False * 5,106 12,655

2 * Male  Aged25to34years * * False - False N False * 5,106 12,600
3 3 * Male . " * * False False False False * 5,114 9,859
4 * N Male  Aged25to34years * - False - False False False * 5,107 12,183
5 * * Male  Aged25to34years * * - * False False False * 5,106 12,226
6 3 * Male * * - False False False * * 5113 9,875
7 White  Male * . * False False False False * " 5,099 15,530
g . Male  Aged25to34years * * i N False N . * 5,104 12,726
White Male * - * False False False False False * 5,099 15,504

10 3 * Male * - N False False False False False - 5113 9,826
o White Male * * * False False False . * * 5,098 15,879

Table 4.10: Summarizing a target indicating how frequently a given police data training
sample is being “machine-unlearned”.
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500 1 1000 -
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Recourse Support Recourse Support

Figure 4.5: Histograms for the target distribution of recourse support for arrested citizens
labeled as strip searched (on the left) and as not strip searched (on the right)
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arrest_quarter race  sex  age  location occurrence_category  concealed_items ~combative_actions resisted_actions mental_inst assaulted_o cooperative recourse_support support

5594 2,443

1 * * N * 51 * * * * * N * 11,076 483
2 ¢ * Male * * Weapons & Homicide ~ * * * * * * 19,060 120
3 " * " " N Drug Related " . " . " N 9,082 384
4 * - * - - Assault & Other crimes  False * * * - False 9,213 287
Warrant False * : * - * 7,075 300

6 * * * * . * . True * * . * 11,079 204
7 White * * . * False False False - - True 5,973 465
8 * Black Male " . " * * * * * . 8,068 694
9 * * * * - Break & Enter False * False * * - 5,409 185
0 - * * * * * * * * True * * 10,329 194
1 3 * Male * * * * * False * * * 7,744 550

Table 4.11: Summary of data recourse support for arrestees predicted to be strip searched.
Patterns reveal subgroups requiring significantly more or fewer samples to be unlearned to
achieve a positive outcome, such as Black males.

arrest_quarter  race sex age location ~ occurrence_category = concealed_items combative_actions = resisted_actions mental_inst assaulted_o cooperative = recourse_support support

- - . - 38,844 10,573

XX * False False - False * - 43,216 5,412

2 4 * * * * * False * * False False * 45,271 2,945
3 * * * * Assault False False False * * * 49,210 1,372
4 * . M " " Police Category (Admii * " * - M " 49,579 832
XX * False * = * False True 45,292 2,539

6 * " . * " Impaired " " * * N * 49,776 272
7 Other Statute & Other | * . * * * - 44,402 445
g * . . " XX Robbery & Theft False False False False . " 43,668 1,033
9 * * * - * Mischief * - - - * - 48,416 232

Table 4.12: Summary of data recourse support for arrestees predicted to be not strip
searched. Top patterns do not contain protected attributes.
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Chapter 5

Conclusion

REACT introduces a novel combination of feature-based and data-based counterfactual
explanations with subgroup-level aggregation to highlight implicit bias patterns in model
behavior. For feature-based recourse, we used a model-agnostic variant of DiCE with
a custom post-processing step to remove redundant counterfactuals. For data-based re-
course, we employed a data attribution—guided unlearning algorithm which estimates the
minimal subset of training points whose removal flips a prediction—avoiding the cost of
repeated retraining. This setup allowed us to compute and summarize several recourse
metrics, including cost, availability, choice, support, and unlearning counts, surfacing sub-
groups with disproportionately high barriers to recourse. Unlike other frameworks, REACT
does not require specifying protected features in advance; instead, it identifies disparities
across any attributes selected for summarization, allowing practitioners to discover which
subpopulations are most affected without presupposing where bias may lie.

In experiments on the Adult Income and Toronto Police datasets, our approach sur-
faced protected groups—such as ethnic and racial minorities—that faced fewer recourse
options or required more training examples to be unlearned. At the same time, it revealed
advantaged subgroups—such as gender majorities—that experienced lower recourse bur-
den, indicating implicit bias even in the model where explicit fairness metrics appeared
balanced. The obtained insights are actionable: they can inform data collection, selective
unlearning of problematic training examples, or adjustments to model decision thresholds
to reduce disparities for the most affected subgroups.
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5.1 Future Work

Future research could focus on improving the efficiency and scalability of REACT. Its
modular architecture allows users to easily substitute alternative counterfactual generators,
enabling exploration of methods that are both faster and more reliable than the random-
sampling-based DiCE—while maintaining model-agnostic applicability and addressing the
limitation of potentially failing to find counterfactuals even when valid ones exist.

Another promising direction is to extend REACT for more effective comparison between
model versions in terms of recourse fairness. Instead of relying on side-by-side explanation
tables (as we did in Section 4.3.2), one could adopt an approach inspired by CAMO [17],
which summarizes performance differences across subgroups between two or more models.
While CAMO does not consider recourse disparities, a similar idea can be applied in REACT
by defining a target metric that quantifies, for each individual, the difference in recourse
between model versions. Aggregating these per-individual disparities using rule mining
would yield a single explanation table that highlights subgroups where the models differ
most in terms of implicit bias. This can support informed model upgrades in production
by identifying whether newer versions reduce or exacerbate recourse disparities.

We also suggest extending REACT’s data-based recourse analysis by defining new target
metrics that capture the trade-off between the number of training examples that must be
unlearned to achieve a label flip and the resulting loss in model accuracy. When using
the diagnostics dataset as the grouping set, this would allow us to surface subgroups
whose recourse requires a disproportionately large reduction in overall model performance,
providing a more nuanced view of model brittleness.

Adapting REACT to other data modalities such as images and text presents an impor-
tant but nontrivial direction. As an example, in surveillance settings, image-based models
may exhibit similar recourse biases to those we observed in the tabular Toronto Police
dataset—where young Black males were disproportionately associated with recourse op-
tions leading to the undesirable outcome (Section 4.3.3). For example, we counterfactually
modify the attire of a person in surveillance footage—such as adding or removing a hoodie.
If the model is then more likely to flag individuals from certain protected subgroups as
potential suspects, this would indicate that it exhibits implicit bias in how it interprets
visual features. For text data, recourse disparities may arise when counterfactual removal
of certain tokens—such as those in resumes or college admission essays—results in more
favorable outcomes for individuals whose group membership is indicated by other tokens
correlated with gender, ethnicity, or race, reflecting that the model weighs linguistic inputs
differently across demographic groups.
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The primary challenge lies in the feasibility of generating meaningful feature-based
counterfactuals for unstructured data. Image counterfactuals present significant computa-
tional and interpretability challenges compared to tabular data. For instance, Chang et al.
[7] highlighted the reality gap in counterfactual generation using generative models—while
visually plausible, such counterfactuals may not correspond to feasible real-world modifi-
cations or lie on the true data manifold. For natural language processing tasks (NLP) such
as text classification, measuring recourse distance may help reveal if the model has learned
some concept artifacts - spurious correlations between input tokens and output that don’t
reflect true causal relationships between unstructured features and classes. Although no
prior work has specifically addressed recourse in NLP, several efforts have been made to
develop and automate the generation of meaningful text counterfactual explanations. For
example, Fern et al. [I5] proposed a method combining latent space optimization and
beam search guided by Shapley values to generate sparse, meaningful edits that flip the
model’s prediction. Lemberger et al. [32] and Madaan et al. [31] proposed methods that
also effectively intervene in the latent representation space. The former uses a linear pro-
jection to separate the sensitive attribute information from the rest of the representation.
The representation space is decomposed into two components: x, the part of the repre-
sentation orthogonal to the sensitive attribute, containing general information about the
text, and the aligned component zj.

To apply REACT in these domains, one would also need to extract interpretable con-
cepts from unstructured data—for instance, object categories from images or topic/concept
tags from text—to serve as inputs to the informative rule mining algorithm that requires
structured features.
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