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Abstract

Algorithmic recourse focuses on providing individuals (end-
users) negatively affected by ML-based decisions with re-
course (actionable recommendations) that help them achieve
a more favorable outcome in the future. Within this field,
counterfactual explanations (CFEs) have gained popularity
as a means of providing actionable recourse to end-users
by identifying the minimal changes in their feature values
needed to flip the ML model’s prediction to a more desir-
able one. Almost all prior work in CFEs rests on the assump-
tion that minimizing (weighted) proximity (i.e., weighted L1

norm between the original input and the CFE) is a good proxy
metric for capturing real-world human preferences with re-
gard to the evaluation of prospective CFEs. Unfortunately,
no prior work has empirically evaluated the effectiveness of
weighted proximity in capturing real-world user preferences
for evaluating CFEs. To address this research gap, this paper
makes three novel contributions. First, we develop a novel
two-phase study design that helps us effectively learn feature-
specific weights for each individual end-user (in Phase 1) and
evaluate the effectiveness of weighted proximity using those
learned user-specific weights (in Phase 2). Second, we con-
duct the first-ever set of user studies (with 101 participants)
that focus on evaluating the efficacy of global and personal-
ized weighted proximity in capturing user preferences. Our
experimental results show that global weighted proximity
aligns with user preferences in only half the cases (53.21%),
and personalized weighted proximity is not consistently bet-
ter (56.91%). Finally, we conduct a series of sensitivity anal-
yses to confirm that our findings are robust across different
experimental settings and modeling choices.

1 Introduction
Machine Learning (ML) models are increasingly being de-
ployed in domains that directly affect human lives (Huang
et al. 2023; Zhang et al. 2023; Verma et al. 2024b). With
this rapid adoption, there is a growing demand not only
from end users (Binns et al. 2018) but also from regulatory
frameworks such as the EU’s General Data Protection Reg-
ulation (GDPR) for greater accountability and transparency
in AI/ML-based decision-making systems (Goodman and
Flaxman 2017). This demand has led to a surge in research
on Explainable AI (XAI), a field focusing on developing
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methods to make the decision-making process of complex
ML models more interpretable and transparent (Mersha et al.
2024).

Within this extensive body of research, counterfactual ex-
planations (CFEs) have emerged as a promising method for
providing intuitive and actionable insights into the decision-
making processes of black-box ML models (Dodge et al.
2019; Verma et al. 2024a; Guo et al. 2024). CFEs provide
post-hoc transparency by identifying the minimal changes in
feature values needed to convert an input point x into x′, a
new artificially constructed data point (called the CFE) that
results in a different (more favorable) prediction outcome
than the original data point x (Wachter, Mittelstadt, and Rus-
sell 2018). For instance, if a loan applicant is denied credit
by a bank’s ML model, the corresponding CFE might sug-
gest that increasing the applicant’s income by $2,000 would
result in an approval.

Existing algorithms for generating CFEs are formulated
as optimization problems that minimize “cost of change”
(i.e., the amount of modification required in changing x to
x′) as one of the key objectives (Wachter, Mittelstadt, and
Russell 2018; Brughmans, Leyman, and Martens 2023). Al-
most all prior work in this space operationalizes this notion
of “cost of change” as proximity or sparsity objectives (de-
fined as the L1 and L0 norm distance between x and x′,
respectively) (Guo, Nguyen, and Yadav 2023). To date, de-
spite scant empirical evidence, both proximity and sparsity
metrics have been assumed to be good proxies for capturing
human preferences for desiring minimum changes in CFEs
(Ustun, Spangher, and Liu 2019). However, recent work has
shown through user studies that CFEs optimized for prox-
imity (or sparsity) do not align well with people’s prefer-
ences (Tominaga, Yamashita, and Kurashima 2024). Inde-
pendently, several researchers have pointed to the possibil-
ity of using weighted proximity (i.e., the weighted L1 norm
between x and x′, where the feature-specific weights repre-
sent the difficulties faced by users in modifying that feature)
as an alternative metric that should, in theory, better capture
people’s preferences (Assaad et al. 2021; Mc Grath et al.
2018).

To the best of our knowledge, no attempt has been made
to validate the effectiveness of weighted proximity in captur-
ing people’s preferences. For example, Rawal and Lakkaraju
(2024) propose a framework for learning personalized fea-
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ture weights to model user-specific difficulty and using those
to generate tailored recourses1. However, they evaluate the
efficacy of their learning method only on simulated data.

This lack of rigorous human validation highlights a fun-
damental gap in counterfactual explanations research: with-
out testing evaluation functions (such as weighted proxim-
ity) with real users, we cannot know whether they truly re-
flect the needs of the end user. As a result, the disconnect
between how researchers evaluate CFEs and how users in-
terpret or act on them continues to grow, potentially leading
to solutions that are technically sound but practically inap-
plicable.

To address this research gap, this paper makes the follow-
ing three contributions. First, we develop a novel two-phase
user study design that helps us effectively learn feature-
specific weights for each participant in Phase 1, and eval-
uates the effectiveness of weighted proximity using the
learned weights in Phase 2. Second, we conduct the first em-
pirical evaluation of global and personalized weighted prox-
imity for capturing user preferences in CFE generation, in-
volving 101 participants across a pilot study and two inde-
pendent user studies in a loan rejection setting. Our exper-
imental results show that global weighted proximity aligns
with user preferences in only 53.21% of cases, and personal-
ized weighted proximity yields only modest and inconsistent
alignment of 56.91% across the two studies. Finally, we con-
duct a series of sensitivity analyses that confirm the robust-
ness of our results across different experimental settings and
modeling choices. This work underscores the need for CFE
research to be grounded in empirically validated user-centric
evaluations, rather than solely on metrics that are mathemat-
ically motivated but empirically unvalidated.

2 Related Work
2.1 Counterfactual Explanations
Within the XAI community, CFEs have gained recognition
for their ability to illustrate how black-box ML models ar-
rive at their predictions (Byrne 2019; Verma et al. 2024a).
As CFEs identify the smallest set of changes needed to al-
ter a prediction, they naturally align with the goals of algo-
rithmic recourse: to help users understand the cause behind
unfavorable decisions they received from a predictive model
and subsequently provide actionable steps they can take to
overturn those decisions (Ustun, Spangher, and Liu 2019;
Tominaga, Yamashita, and Kurashima 2024).

Prior literature has proposed a wide range of approaches
to generate CFEs, differing in their optimization objectives,
generation mechanisms, and the accessibility of the un-
derlying prediction model (Verma et al. 2024a). Some of
the most common approaches for generating CFEs include
gradient-based optimization methods (Wachter, Mittelstadt,
and Russell 2018; Schut et al. 2021), decision-tree-based
methods (Fernández et al. 2020; Carreira-Perpiñán and Hada
2021), mixed-integer programming formulations (Karimi
et al. 2020; Ustun, Spangher, and Liu 2019), generative-
model-based approaches (Mahajan, Tan, and Sharma 2019),

1Counterfactual explanations and algorithmic recourse are used
interchangeably in the rest of the paper

and search-based methods such as DiCE (Mothilal, Sharma,
and Tan 2020). Despite differences in generation methods
and constraints, most approaches rely heavily on proximity
(L1 norm distance) and sparsity-based (L0 norm distance)
objectives to evaluate and generate CFEs.

For example, Wachter, Mittelstadt, and Russell (2018)
introduced an optimization-based method that jointly op-
timizes CFEs on a combined loss of validity and proxim-
ity via gradient descent. Subsequent methods have built on
their work and emerged with additional objectives (in addi-
tion to proximity or sparsity), such as diversity (Mothilal,
Sharma, and Tan 2020), and feasibility (Mahajan, Tan, and
Sharma 2019). Recently, however, Tominaga, Yamashita,
and Kurashima (2024) have provided empirical evidence
that CFEs optimized for proximity (or sparsity) do not match
user-preferred recourses, highlighting the ineffectiveness of
proximity (and sparsity) as user-centric metrics for CFE
evaluation.

2.2 Weighted Proximity in CFEs
To address the limitations of standard proximity metrics,
several works have proposed incorporating feature-specific
costs to better reflect the difficulty of modifying certain fea-
tures (Yadav, Hase, and Bansal 2022; Rawal and Lakkaraju
2020). These approaches assign different weights to fea-
tures, enabling the optimization process to penalize changes
to specific attributes more heavily than others (Mc Grath
et al. 2018; Assaad et al. 2021). Formally, weighted prox-
imity assumes a distinct feature weight wi for feature i (that
reflects its perceived cost of modification to a user), and is
defined as the weighted L1 norm between input point x and
CFE x′.

WeightedProx(x, x′) =

d∑
i=1

wi ·
|xi − x′

i|
Normi

A common assumption in prior CFE literature on
weighted proximity is that the perceived difficulty of mod-
ifying a feature is often assumed to be uniform across all
users. This presumption leads to a set of global feature
weights wg

i (for feature i), where a single set of shared fea-
ture weights is used for all individuals in a population. The
weighted proximity that is calculated using global feature
weights wg

i is called global weighted proximity. Numerous
CFE methods implicitly adopt this formulation by incorpo-
rating a single set of feature weights/costs as a parameter
that is used for all recourse generations (Wachter, Mittel-
stadt, and Russell 2018; Mothilal, Sharma, and Tan 2020;
Liu et al. 2025).

Recent work extends this formulation by learning per-
sonalized feature weights wa

i for each user a. For example,
Rawal and Lakkaraju (2024) propose a framework for in-
ferring personalized feature-specific weights wa

i using pair-
wise comparisons via the Bradley-Terry model (Bradley and
Terry 1952). Their method enables recourse costs to vary
across users based on individual preferences; however, their
approach was tested only on simulated data. To the best of
our knowledge, no empirical evaluation has assessed the ef-
ficacy of (global and personalized) weighted proximity as a
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proxy for user preferences in real-world settings. Our work
tackles this challenge and provides the first empirical valida-
tion of global and personalized feature-weighted proximity
for CFE generation with real human users.

2.3 User Evaluation of Algorithmic Recourses
There is a growing body of research emphasizing the impor-
tance of empirically validating CFEs with real users. Keane
et al. (2021) critically examined gaps in the evaluation of
counterfactual methods and highlighted that only 21% of
studies included user evaluations of specific counterfactual
methods, and only 7% conducted comparative user studies
to benchmark different approaches. Another shortcoming in
the counterfactual literature that they underscored was the
lack of comparative testing across methods; they noted that
only 40% of papers include any form of comparative stud-
ies. In response to this gap, recent studies have focused on
user-centered evaluations in counterfactual research.

Tominaga, Yamashita, and Kurashima (2024) conducted
an empirical user study involving 362 participants, demon-
strating that CFEs optimized for technical objectives, such
as proximity and sparsity, often misalign with user pref-
erences. These findings reinforce the argument that strong
results on simulated benchmarks do not necessarily trans-
late to acceptable recommendations in real-world contexts.
Upadhyay, Lakkaraju, and Gajos (2025) performed multiple
user studies with approximately 360 participants, comparing
CFEs with other recourse recommendation strategies. Their
results showed that simpler feature-based recommendations
outperformed CFEs. Collectively, these findings underscore
the need for human-centered evaluations to meaningfully as-
sess the utility of CF generation methods. Our work is mo-
tivated by the need to conduct user evaluations that not only
validate counterfactual methods but also provide a richer un-
derstanding of how users reason about and choose between
alternative recourses.

3 Preliminaries
For completeness, we describe the pairwise preference
learning methods from prior work that are used in this pa-
per to infer feature-specific weights.

3.1 Pairwise Preference Learning Models
Preference learning models are designed to infer latent util-
ity functions based on observed human choices (De Peuter
et al. 2024). A common approach within these frameworks is
to infer preferences through pairwise comparisons, in which
a probability function is estimated by analyzing repeated se-
lections between two alternatives (Bradley and Terry 1952;
Thurstone 1927).

In the context of CFEs, Rawal and Lakkaraju (2024) pro-
pose inferring feature-specific weights, wi, using a Bradley-
Terry (BT) model. The BT model is a probabilistic frame-
work that estimates a latent strength parameter βi for each
feature i by modeling the likelihood of one feature being
preferred over another (Bradley and Terry 1952). The prob-
ability that modifying feature i is preferred over feature j is

modeled as a logistic function:

P (i > j) =
eβi

eβi + eβj

Additionally, we consider the Thurstone-Mosteller (TM)
model (Thurstone 1927; Mosteller 1951) as an alternative
framework for learning feature preferences. Unlike the BT
framework, which models pairwise preferences using a lo-
gistic function, the TM model assumes an underlying Gaus-
sian utility distribution over feature preferences and esti-
mates pairwise preference probabilities using the cumulative
distribution function (Maystre and Grossglauser 2011):

P (i > j) = Φ

(
βi − βj

σ

) ∣∣∣∣
σ=1

= Φ(βi − βj)

where Φ(·) represents the cumulative distribution function
of the standard normal distribution, and σ is the variance of
the underlying utilities.

Given pairwise choices between alternative CFEs, pref-
erence models estimate a latent strength parameter βi for
each feature i, where a larger β value reflects the in-
creased desirability of modifying that feature. Since a re-
course recommendation consists of a set of feature modifi-
cations, and pairwise preference models primarily operate
on feature-level comparisons, recourse-level choices must
first be decomposed into individual pairwise feature com-
parisons. Given two alternative recourses being compared,
each feature uniquely modified in the preferred recourse is
treated as being preferred over every individual feature mod-
ified in the alternative recourse. These pairwise feature com-
parisons are aggregated into a wins matrix, which the pref-
erence model uses to infer feature-specific β values. The
learned strength parameters βi are transformed into feature
weights by taking their additive inverse (wi = −βi), such
that features perceived as less preferable to modify (smaller
βi values) receive larger weights.

4 Methodology
This section outlines our methodology for generating and
evaluating CF recourses, which serves as the basis for the
design and implementation of our user studies. Consistent
with prior work in algorithmic recourse, we study recourse
generation in the context of loan rejection, where partici-
pants receive recommendations on modifying their applica-
tions to obtain loan approval. In our setting, a CFE is a set
of minimal feature changes to the original loan application
that would result in the loan being approved.

This section is organized as follows. First, we describe
the different datasets, prediction models, and CFE algo-
rithm choices used in each of the two studies. These compo-
nents are used to construct two datasets of “CFE scenarios”,
where each CFE scenario consists of a rejected loan applica-
tion paired with two alternative CFEs (we use this terminol-
ogy of CFE scenarios consistently throughout this paper).
We then provide details of our participant recruitment pro-
cedure, followed by the shared two-day study design used
across both user studies.

698



4.1 Study Overview
To evaluate whether weighted proximity aligns with user
preferences, we conducted two independent user studies.
Consistent with prior work (Tominaga, Yamashita, and
Kurashima 2024; Rawal and Lakkaraju 2024), the evalua-
tion was performed in the loan rejection domain, which is
one of the most widely studied contexts in algorithmic re-
course literature.

The first study was conducted in a controlled environment
using a synthetic dataset with a decision tree-based loan pre-
diction model, in which candidate CFEs were generated by
traversing the decision tree (details in Section 4.3). To cor-
roborate our findings from the first study, a second study was
conducted with a different participant group in a more real-
istic setting. In this study, we utilized a publicly available
loan dataset, trained a black-box ML model (AdaBoost) to
make loan approval decisions, and employed DiCE, a popu-
lar CFE generation method, to generate candidate CFEs.

In both studies, participants were presented with multi-
ple CFE scenarios. Each CFE scenario consisted of a re-
jected loan application paired with two alternative CFEs, and
for each CFE scenario, participants were asked to select the
recourse they would prefer to act upon. Both studies were
designed to evaluate whether users (participants) prefer re-
courses with lower-weighted proximity, where weights are
either shared across the study population or personalized for
each user.

Both studies required participants to take part in two
one-on-one Zoom interview sessions conducted on separate
days, with each session lasting approximately one hour. This
two-day format enabled us to infer individualized feature
weights for each participant (on Day 1) and subsequently
evaluate whether personalized-weighted proximity aligned
closely with user preferences (on Day 2). Prior to beginning
the pairwise comparisons, participants were given a descrip-
tion of CFEs and the overall loan-rejection task domain. Par-
ticipants were also given the opportunity to ask clarifying
questions after being shown an example CFE scenario. An
overview of the complete workflow used across both studies
is shown in Fig.2.

4.2 Pilot Study
Before running the main studies, we conducted an initial pi-
lot user study to derive a set of global feature weights that
are then used within our main studies to (i) evaluate global
weighted proximity (where all users share a global set of
weights); and (ii) to provide a starting point for running both
our main studies (as explained in Section 4.6). To collect
preference data for estimating these weights, we designed a
Qualtrics survey comprising 20 loan-rejection CFE scenar-
ios, each consisting of a rejected loan application along with
two CF recourses generated using the controlled setting (de-
scribed in Section 4.3). More details on how these 20 CFE
scenarios were generated are provided in the appendix.

The pilot survey was conducted with 20 US-based
adult participants recruited via Amazon Mechanical Turk
(MTurk), each compensated with $3 USD. Participants were
first provided with a brief explanation of CFEs and the over-
all study task before being directed to the Qualtrics survey.

For each rejected loan scenario, participants were asked to
select the recourse they would prefer to implement in or-
der to get approved for the loan. After each selection, they
were asked to provide a brief justification for their choice
of recourse. After all 20 scenarios were completed, partic-
ipants were asked to rate each feature on a 5-point Likert
scale based on their willingness to modify it, with 1 indi-
cating ‘very willing to modify’ and 5 indicating ‘would not
modify’.

The Likert-scale responses were aggregated across par-
ticipants to obtain population-level preferences for feature
modification. For each feature, we computed the average
willingness to modify (across all 20 participants) and nor-
malized them to get global feature weights. Features per-
ceived as harder to modify were assigned larger weights,
whereas features perceived as easier to modify were as-
signed smaller weights. The resulting global weights as-
signed the largest weights to features pertinent to loan
datasets such as ‘education level’, followed by ‘employment
status’, ‘income’, ‘credit score’, and ‘loan amount’, in de-
creasing order.

4.3 Study 1: Controlled Synthetic Setting
For the first study, we sought a controlled setting in which
we could precisely construct recourse pairs with known
properties and minimize the effects of extraneous factors in
complex real-world data. To achieve this, we designed a syn-
thetic dataset and used an interpretable decision tree model
to classify loans and generate CFEs.

Synthetic Dataset Creation. We constructed a synthetic
dataset simulating binary loan application outcomes (ap-
proved vs. rejected) to maintain greater experimental con-
trol. Although several real-world credit datasets exist
(Hofmann 1994; FICO 2018), they often include high-
dimensional, noisy, or hard-to-understand features that can
introduce confounding factors and increase the cognitive
load on participants. Since our primary objective was to
evaluate how lay users perceive and compare CF recourses,
a simplified feature space allowed participants to focus on
the core trade-offs without being overwhelmed by extrane-
ous details.

In our synthetic dataset, each data point represents a loan
application with five continuous and categorical features
commonly used in lending: income, credit score, employ-
ment status (categorical), education level (categorical), and
the loan amount requested. Feature values were indepen-
dently sampled from predefined, realistic ranges that reflect
plausible applicant profiles. To simulate real-world variabil-
ity, we implemented multiple rule sets, each capturing a dif-
ferent combination of feature thresholds and decision logic
for loan approval or rejection. Due to space constraints, full
details of the sampling and labeling procedures are provided
in the Appendix.

Training the Prediction Model. We trained a decision
tree classifier on our synthetic dataset to predict loan ap-
proval outcomes. This model served as the basis for gen-
erating CFEs, which were later presented to participants.
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While complex models such as neural networks might of-
fer higher predictive accuracy, we deliberately chose deci-
sion trees for their transparency, interpretability, and rule-
based structure. These characteristics made them a better fit
for our study, where the goal was to evaluate how users per-
ceive and reason about counterfactual recourses. In contrast,
black-box models require the use of sophisticated, opaque
CFE generation algorithms (we experiment with black-box
models in study 2).

The decision tree model was trained using a standard
80/20 train-test split of the synthetic dataset and achieved
99.15% accuracy on the test set, confirming that the rule
sets effectively captured the feature-label relationships. Ad-
ditional details of our training procedure are provided in the
Appendix.

Counterfactual Generation. Unlike most black-box ML
models, decision trees allow us to trace the data point’s
sequence of feature-based splits from the root to the leaf
node. Let L denote a leaf node in our decision tree, and let
ϕ(L) ∈ {accept, reject} denote the label assigned to all data
points that reach leaf node L.

Our strategy for generating CFEs for our decision tree
classifier (illustrated in Fig.1) leverages a key structural in-
sight: for each rejected loan application x that reaches leaf
node L (with ϕ(L) = reject), we identify CFEs by finding
paths to nearby leaf nodes L′ where ϕ(L′) = accept. Each
path corresponds to a set of feature changes required to shift
the decision tree’s prediction from rejection to approval. For
example, in Fig.1, a CFE x′

1 is constructed for input x by
applying the feature modifications suggested along the path
between x and x′

1. This way, we formulate CFE generation
for decision trees as a structured search over the tree, where
nearby oppositely labeled leaf nodes are identified by enu-
merating candidate target leaves and comparing their deci-
sion paths with that of the original instance to extract the
minimal set of differing decision constraints.

Using this simple rule-based algorithm, we generate CFEs
for all test set instances classified as ‘rejected’ by the loan
prediction model (N=519). For each ‘rejected’ instance x,
we extract the top-K CFEs corresponding to distinct accept-
ing leaf nodes L′

i (i.e., ϕ(L′
i) = accept for all i ∈ 1, . . . ,K).

These K CFEs are ranked in increasing order of weighted
proximity to x. To ensure realism and interpretability of gen-
erated recourses, we discard CFEs that suggest implausi-
ble or counterintuitive transformations. For example, con-
tinuous features such as income and credit score are only
allowed to increase in a valid recourse, reflecting feasi-
ble, forward-looking improvements in creditworthiness. For
each point x, we continue generating candidate CFEs until
we identify K=15 such realistic and semantically meaning-
ful CFEs.

From this filtered set of K candidate CFEs for each x,
we construct recourse pairs for the user study. We compare
candidate CFEs and identify pairs in which one recourse
has lower weighted proximity while the other has higher
weighted proximity under a given weighting scheme. Each
resulting CFE scenario consists of a rejected loan applica-
tion paired with two alternative CFEs presented to partici-

True False

Credit Score
>680

Loan amount
 >= 24350

x2'

Education >=
High School

Income >
80000

Credit Score
>730

Income
>130000

x1' x
LL'1

L'2

Figure 1: CFE generation with a Decision Tree Classifier.
Let x denote a rejected loan application that reaches the red
leaf L in the decision tree. In order to generate counterfac-
tual recourses x′

1 and x′
2 (that reside in leaves L′

1 and L′
2,

respectively), the shortest path between leaves L and L′
1 (or

L′
2) needs to be traversed. In this figure, these shortest paths

are denoted using dotted green and blue paths, respectively.

pants for comparison. These recourse pairs collectively form
D1, the dataset of CFE scenarios used in the first user study.

4.4 Study 2: Real-World Setting
For the second user study, our goal was to evaluate weighted
proximity in a more realistic setting, without relying on syn-
thetic datasets or transparent models. In this study, we use
a publicly available loan approval dataset and train a black-
box ML model to predict loan approval decisions. To gener-
ate CFEs, we use an off-the-shelf implementation of DiCE, a
widely used CFE generation method (Mothilal, Sharma, and
Tan 2020; Guo et al. 2026; Andringa, Baptista, and Santos
2025).

Loan Dataset. We use a publicly available loan dataset
(Sharma 2023) that contains demographic and financial at-
tributes commonly associated with credit applications. The
dataset included numerical features such as applicant in-
come, loan amount, loan term, credit score, number of de-
pendents, and asset value, as well as categorical features like
employment status and educational background. The out-
put label is binary, indicating whether ‘loan status’ was ap-
proved or rejected.

The dataset was based on loan applications from India, so
several pre-processing steps were applied before training a
model to generate data points for presentation to US-based
participants. Monetary values in Indian rupees were con-
verted to US dollars, and CIBIL credit scores were rescaled
from the 300-900 range to the 300-850 FICO range, which
is more commonly understood by US participants. Contin-
uous features were normalized, and categorical/binary fea-
tures were one-hot encoded before being used to train the
loan approval ML model.

Prediction Model. Following pre-processing, the dataset
was split into 80/20 train-test sets and used to train ML mod-
els to predict loan application outcomes. To determine which
model to use, several classification models were evaluated,
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including logistic regression, XGBoost, random forests, gra-
dient boosting, AdaBoost, and SVMs. Model selection was
based on predictive performance on the test set, particu-
larly the F1 score, accuracy, and prediction stability. Ad-
aBoost demonstrated the best overall performance (F1 =
0.9851, Acc = 98.13%) as compared to Gradient Boost-
ing, which was the next best baseline (F1 = 0.9737, Acc =
96.72%). Therefore, AdaBoost was selected as the model for
predicting loan approvals.

Counterfactual Generation. For generating CFEs,
we employ DiCE (Diverse Counterfactual Explanations)
(Mothilal, Sharma, and Tan 2020), a model-agnostic
recourse generation framework. Given a rejected loan
scenario, the DiCE framework generates a set of diverse
candidate recourses using a genetic algorithm-based search
procedure that identifies low-cost feature changes capable
of flipping the AdaBoost prediction model’s decision from
rejection to approval. The genetic search within DiCE
is formulated as an optimization problem that jointly
maximizes recourse validity and minimizes the proximity to
the original loan instance, subject to feasibility constraints
on feature modifications (e.g., the number-of-dependents
feature is immutable).

For each rejected loan application in the test set, we gen-
erated a diverse pool of candidate CFEs using DiCE. Simi-
lar to the first study, we ensure that recourses generated are
realistic and practical by filtering out those with counterin-
tuitive modifications. The remaining CFEs associated with
the same rejected loan application were then compared to
identify recourse pairs in which one recourse had a lower
weighted proximity than the other. These recourse pairs col-
lectively form D2, the dataset of CFE scenarios used in the
second user study.

4.5 Participant Recruitment
Next, participants were recruited using a combination of
convenience and snowball sampling methods, including tar-
geted recruitment emails periodically shared in student list-
servs at a public research university in the United States
(name withheld for anonymity), posts on a public research
participant recruitment platform managed by the same uni-
versity in the United States, personal outreach, and social
media posts. Additionally, we encouraged the first set of in-
terested prospective participants (who replied to our recruit-
ment messages) to share the study invitation within their per-
sonal and professional networks to increase reach and diver-
sity. Eligibility was restricted to individuals aged 18 years or
older and currently residing in the United States.

Through these efforts, a total of 43 participants were re-
cruited for the first user study, of whom 41 completed both
sessions. For the second user study, 41 participants were re-
cruited, of whom 40 completed both sessions. The 2 partic-
ipants from the first study and 1 participant from the second
study who did not complete both sessions were excluded
from all analyses. Participants in the first user study were
compensated with a $30 USD Amazon gift card, whereas
participants in the second study received a $25 USD Ama-
zon gift card. All user study and pilot study protocols were

approved by an Institutional Review Board at the authors’
institution.

4.6 Common User Study Design

Both user studies followed the same two-phase study design,
with each phase conducted on a separate day, as illustrated in
Fig.2. The only difference between the two studies was how
the CFE scenario datasets (D1 from Study 1, and D2 from
Study 2) used to construct the surveys were generated. Study
1 utilized a controlled synthetic loan dataset with decision-
tree-generated CFEs to generate D1, whereas Study 2 used
a publicly available loan dataset with CFEs generated using
DiCE on an AdaBoost prediction model to generate D2.

Day 1. As shown in Fig. 2, on Day 1 of our user study,
all participants were asked to complete a common pairwise
recourse comparison task using 25 and 20 CFE scenarios
randomly sampled from D1 (in Study 1) and D2 (in Study
2), respectively. All these Day 1 CFE scenarios were gener-
ated with global feature weights derived from the pilot study.
For each CFE scenario, participants were asked to select the
recourse they preferred and provide a brief explanation de-
scribing the reasoning behind their choice.

Additionally, after participants completed all pairwise
comparisons across all CFE scenarios shown to them on
Day 1, they were asked to rank the features in order of their
willingness to modify them to obtain loan approval. These
rankings were collected to qualitatively assess whether par-
ticipants shared a similar notion of the difficulty of feature
modification and whether their stated rankings were consis-
tent with the pairwise choices made across surveys in both
phases.

After this survey, each participant’s pairwise responses
from Day 1 were used to infer individualized feature weights
via the Bradley-Terry model as proposed by Rawal and
Lakkaraju (2024). From this phase of the study, we in-
fer participant-specific feature weights representing the per-
ceived difficulty of modifying features in a loan application.

Day 2. Using the individualized feature weights inferred
from participants’ Day 1 responses, we constructed person-
alized CFE scenarios for Day 2. For each participant, can-
didate CFEs associated with rejected loan applications were
generated and compared to identify recourse pairs in which
one CFE had a lower personalized weighted proximity score
than the other. We generated surveys by randomly sampling
from rejected loan applications for which at least one valid
recourse pair existed for that participant.

Since personalized feature weights differed across partici-
pants, each participant received a unique set of personalized
CFE scenarios during Day 2. Participants were presented
with these surveys and asked to select their preferred re-
course, but providing explanations for their selections was
optional. To minimize presentation bias, we randomized the
positions of the two recourses across all scenarios, ensuring
that the lower-weighted scenario was not consistently placed
in the same position.
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Figure 2: Workflow of our Two-Phase User Study

5 Results
Using the methodology described in the previous section,
we evaluate whether weighted proximity aligns with user
preferences under both global and personalized weighting
schemes. We also examine whether these findings remain
consistent across different experimental settings through a
range of sensitivity analyses.

5.1 Global Weighted Proximity
We first evaluate whether a shared feature weighting can
capture user preferences over CF recourses. On Day 1 of
user study 1, participants were presented with 25 CFE sce-
narios in which weighted proximity scores were computed
using global feature weights derived from the pilot study.
Across all Day 1 CFE scenarios, participants selected the
recourse with lower globally weighted proximity in only
54.05 ± 14.11% of cases (554/1025). This rate is only
marginally better than chance-level selection, indicating that
global feature weights derived from population-level prefer-
ences do not effectively capture individual user preferences.

User study 2 utilized a public dataset with a different set
of features than those in the pilot study. Consequently, global
feature weights derived from the pilot study could not be
applied to CFE scenarios in study 2. Therefore, the global
weighted proximity for study 2 was evaluated using equal
weighting, assigning identical weights to all features. Across
all 20 Day 1 CFE scenarios for study 2, participants selected
the recourse with lower globally weighted proximity in only
52.38 ± 12.40% of cases (419/800), again demonstrating
a near chance-level alignment between globally weighted
proximity and participant preferences.

This finding is further supported by participants’ re-
sponses to the feature-ranking question at the end of Day

1, in which they ranked features according to their prefer-
ence for modification. The responses demonstrated substan-
tial variability in preference rankings (across participants)
and showed little to no consensus on an ordering of fea-
tures. For instance, in study 1, participant P1-17 ranked their
preferences as Loan Amount Requested < Income < Credit
Score < Employment Type < Education, whereas P1-26
ranked them as Credit Score < Loan Amount Requested <
Education < Employment Type < Income. These inconsis-
tencies indicate that users differ significantly in how they
evaluate the feasibility of feature modifications, thereby lim-
iting the effectiveness of a single global weighting scheme.

Overall, these results demonstrate that globally weighted
proximity does not consistently align with user preferences
(53.21% alignment on average across both user studies) and
is insufficient for effectively capturing perceptions of re-
course feasibility.

5.2 Personalized Weighted Proximity
Next, we evaluate whether learning participant-specific fea-
ture weights improves alignment between weighted proxim-
ity and user preferences. In both studies, personalized fea-
ture weights were inferred for each participant using their
Day 1 pairwise recourse choices and the BT model.

In user study 1, each participant was presented with per-
sonalized Day 2 surveys comprising 24 personalized CFE
scenarios constructed using their inferred feature weights.
Across all Day 2 scenarios, participants selected the recourse
with lower personalized weighted proximity in 65.65 ±
12.94% of cases (646/984). While this represents an im-
provement over the global weighted baseline, the overall re-
sult does not indicate strong alignment between personalized
feature weighting and participant preferences.
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Figure 3: Participant Level Histograms of Percentage Align-
ment with Weighted Proximity

Since study 1 was conducted in a controlled synthetic set-
ting, user study 2 was designed to determine whether similar
findings would emerge in a more realistic setting. In Study 2,
each participant received a personalized Day 2 survey com-
prising 15 unique CFE scenarios. Across all Day 2 scenar-
ios in study 2, participants selected the recourse with lower
personalized weighted proximity in only 48.17 ± 24.34%
of cases. Thus, selection of the lower-weighted recourse
occurred at near-chance levels (56.91% on average across
both user studies), which shows a weak alignment between
weighted proximity and user preferences.

Finally, Fig. 3 shows the histograms of participants’ per-
centage match with weighted proximity in both user stud-
ies. The x-axis shows increasing percentage of alignment
with weighted proximity, whereas the y-axis shows the fre-
quency of participants. Both these figures look approxi-
mately Gaussian-shaped, which shows that most user study
participants (in both studies) achieve (at best) moderate lev-
els of alignment with weighted proximity (60-80% in Study
1 and 40-60% in Study 2), with a considerably smaller por-
tion of participants achieving either extremely high or low
alignment values.

Taken together, the findings from both studies suggest
that although personalized feature weighting offers modest
improvements over global weighting in controlled settings,
weighted proximity does not consistently align with user
preferences.

5.3 Sensitivity Analyses
The low alignment rates observed in both studies could re-
flect limitations of our experimental design rather than a fail-
ure of weighted proximity to capture user preferences. To

assess this possibility, we conducted three sensitivity anal-
yses examining whether the results could be attributed to i)
insufficient contrast between CFE pairs, ii) inadequate data
for learning personalized weights, and iii) the choice of pair-
wise preference-learning model.

Proximity Gap Between CFE Pairs. One possible ex-
planation for the observed misalignment is that the CFE
pairs in the CFE scenarios presented to participants
were too similar, making them practically indistinguish-
able. If this were the case, we would expect accuracy
to improve as the weighted proximity gap between the
two CFE pairs increases. To evaluate this, we plot the
matches and mismatches from Day 2 against the absolute
weighted proximity difference between the two CFE pairs
A and B in each CFE scenario (|WeightedProx(x,A) −
WeightedProx(x,B)|) across all participants. We addi-
tionally compute the Spearman correlation between the
weighted proximity gap and the participant’s selection of the
lower-weighted recourse to assess whether there is a positive
monotonic relationship between them.

Fig. 4 visualizes the relationship between the weighted
proximity gap and the % alignment of weighted proxim-
ity with user preferences. The x-axis indicates the absolute
weighted proximity difference between two recourse pairs
A and B for a CFE scenario, whereas the y-axis indicates
whether a participant selected the lower-weighted CFE (1 =
match) or not (0 = mismatch). Each point on the graph rep-
resents a single Day 2 CFE scenario, and the dashed red line
shows the best-fit trend line.

As we observe in Fig. 4, there is no meaningful rela-
tionship between the percentage alignment (y-axis) and the
weighted proximity gap between the recourse pairs (x-axis).
In study 1, the Spearman correlation across all day 2 CFE
scenarios is −0.0439 (p = 0.1691), with an R2 of 0.0094.
The extremely small R2 value indicates that the weighted
proximity gap has almost no statistically significant effect on
the match rate with weighted proximity to user preferences.
Moreover, the negative correlation indicates that match ac-
curacy decreases with increasing proximity gap. Study 2
also demonstrates a similarly weak correlation, with a Spear-
man correlation of 0.0261 (p = 0.5237) and an R2 value of
0.0025 across all Day 2 scenarios.

The results from both studies suggest that insufficient con-
trast between recourse pairs is not a cause for the poor align-
ment between weighted proximity and user preferences.

Inadequate Pairwise Data. An argument can be made
that 20-25 pairwise comparisons collected on Day 1 may
be insufficient to fit individualized BT models that learn
reliable feature weights. If inadequate training data were
the cause of misalignment (between user responses and
weighted proximity), we would expect the percentage align-
ment between user responses and weighted proximity to im-
prove as the number of samples used to train the BT model
increases (which, in turn, leads to more accurately learned
feature weights). To investigate this possibility, we con-
ducted a bootstrapped 5-fold cross-validation experiment us-
ing pairwise comparison data from both Day 1 and Day 2 to
create a larger pool of training samples per participant.
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Figure 4: Variation in Percentage Alignment with Weighted
Proximity vs Weighted Proximity Gap

For each participant, subsets of increasing size were ran-
domly sampled from this pool and partitioned into five folds.
In each cross-validation run, four folds were used to train the
BT model, while the remaining fold was used for evaluation.
This process was repeated such that each fold served as the
evaluation set once. Alignment accuracy was computed for
every fold and then averaged across folds for each partici-
pant and training size. This procedure was repeated for all
participants to obtain the mean percentage alignment with
weighted proximity at each training size.

Fig. 5 presents the resulting learning curves for the BT
model across both studies. The x-axis indicates the num-
ber of pairwise comparisons used to train the feature-weight
learning model, and the y-axis shows the mean percent-
age alignment with weighted proximity across participants.
The solid line denotes the mean alignment (blue represent-
ing study 1 and orange representing study 2), while the
shaded region represents the standard deviation across par-
ticipants. For instance, in user study 1, the point at training
size 28 indicates that when the BT model was trained on
28 pairwise recourse comparisons, the recourse with lower-
weighted proximity matched participants’ selections with an
average accuracy of 70.52± 13.67% across all participants.

From Fig. 5, we observe that the learning curves remain
relatively flat as the training size increases in both stud-
ies. These results indicate that performance improves only
slightly, if at all, as additional pairwise comparisons are used
to fit the BT model. In Study 1, the BT model maintains an
alignment of approximately 70% across all training sizes,
whereas Study 2 shows a slight decline in alignment as train-
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Figure 5: Result of 5-fold CV on Bradley-Terry model

ing size increases. These findings suggest that increasing the
number of pairwise-comparison samples does not substan-
tially improve the BT model’s ability to align weighted prox-
imity with participants’ recourse preferences. Therefore, in-
sufficient training data is unlikely to be a major cause of the
weak relationship between personalized weighted proximity
and user preferences.

Choice of Preference Model. Another possible expla-
nation for misalignment is that the BT model may be
poorly suited for learning personalized feature weights from
pairwise-comparison data. If this were the case, we would
expect predictive alignment to improve under a better alter-
native preference-learning framework. To address this, we
replaced the BT model with the Thurstone-Mosteller (TM)
model to learn feature weights as described in section 3.1.
We repeated the same bootstrapped 5-fold cross-validation
experiment from the previous analysis.

Fig. 6 presents the resulting learning curves for the TM
model across both studies. Similar to Fig. 5, the x-axis indi-
cates the number of pairwise training samples, while the y-
axis corresponds to the percentage alignment with weighted
proximity (averaged across participants). The solid line de-
notes the mean percentage alignment (blue representing
study 1 and orange representing study 2), while the shaded
region indicates the standard deviation across participants.

The TM model achieves a mean percentage alignment
of 65.6 ± 15.8% across 25 training points in study 1 and
56.2± 12.6% across 20 training points in study 2. Although
TM yields slightly higher mean percentage alignment with
weighted proximity as compared to BT in study 2, the over-
all performance remains comparable across the two mod-
els. As shown in Fig. 6, the TM accuracy curves closely
resemble those obtained using BT, with no substantial im-
provement in performance as additional training samples are
introduced. These findings suggest that the weak relation-
ship between personalized weighted proximity and partic-
ipant preferences is unlikely to be attributed solely to the
choice of preference-learning model.

6 Discussion
Weighted Proximity does not consistently align with user
preferences. This work provides one of the first empirical
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Figure 6: Result of 5-fold CV on Thurstone-Mosteller model

evaluations of weighted proximity as a proxy for user pref-
erences in CFE generation. While weighted proximity has
been discussed in prior CF literature as a method for model-
ing recourse feasibility, our findings suggest that both global
and personalized weighting schemes exhibit weak and in-
consistent alignment with how users actually evaluate and
select recourses.

Across two independent user studies, participants did not
consistently prefer recourses with lower weighted proximity
scores. In the first study, personalized weights yielded mod-
est improvements over global weighting in a controlled syn-
thetic setting. However, these improvements did not gener-
alize to the second study, which mimicked a real-world set-
ting by utilizing a publicly available dataset and a black-box
ML model. Collectively, these results indicate that weighted
proximity alone may be insufficient for capturing how users
reason about recourse feasibility.
Rethinking Feature-Level Cost Modeling. One possible
explanation for the observed misalignment is that existing
formulations of CFE objectives rely on overly simplistic as-
sumptions that are inadequate for modeling human recourse
preferences. For instance, the weighted proximity metric im-
plicitly assumes that individuals evaluate recourses based on
feature-level modification costs, where certain features are
treated as harder to modify than others. Within this frame-
work, recourse feasibility is represented as a weighted com-
bination of feature changes.
The Need for Context Dependent Evaluation of CFEs.
More broadly, our findings in this paper raise an important
question about whether user-centered evaluation of CFEs
can be adequately represented through a single static cost
metric at all. The behavior of participants observed in our
user studies demonstrated that users often evaluated CFEs
holistically rather than solely through feature-level modifi-
cations (that were used to calculate a single “cost of change”
metric). Although participants ranked their preferences for
which features they were more or less willing to change,
their selections across CFE scenarios frequently diverged
from these stated preferences. For example, participants fre-
quently accepted recourses involving substantial changes to
features they had previously rated as difficult to modify,
while rejecting recourses with minor changes to features
they had considered preferable to modify. These findings

suggest that the perceived cost of modifying a feature is not
fixed but instead depends on the broader context and com-
position of the recourse. As such, this indicates that static
feature weighting may be insufficient as a proxy for user
preferences. Instead, the findings of this paper suggest the
need for developing evaluation criteria for CFEs that incor-
porate holistic and situational judgments about the recourse
as a whole.

7 Limitations and Future Work

Both of our user studies were conducted exclusively in the
loan approval domain, consistent with prior work in al-
gorithmic recourse (Tominaga, Yamashita, and Kurashima
2024; Rawal and Lakkaraju 2024). Although loan approval
is one of the most widely studied and high-impact settings
in recourse research, future work should investigate whether
similar patterns of misalignment between weighted proxim-
ity and user preferences also emerge in other recourse do-
mains, such as hiring, criminal justice, and healthcare.

Although Study 2 utilized a publicly available dataset and
a black-box model, participant evaluations were still con-
ducted in a controlled survey environment rather than in au-
thentic high-stakes decision-making contexts. As a result,
the participant behavior observed in these studies may not
reflect how individuals assess recourses when confronted
with genuine financial risk, social barriers, or the long-term
consequences of implementing recommended changes.

The scope of our study was based on the assumption
that participant preferences could be represented using rela-
tively stable feature-level weights. However, participant re-
sponses varied substantially across scenarios, indicating that
recourse preferences may be context-dependent rather than
governed by a single consistent weighting function. These
findings suggest that static feature-level weighting schemes
may be inadequate for modeling how users reason about
recourse feasibility in practice. Future research should ex-
plore the development and evaluation of more dynamic and
context-aware recourse generation models that better cap-
ture scenario-specific and holistic user reasoning.

8 Conclusion

This work addresses a significant gap within CFE research
regarding the limited user-centric validation of CF genera-
tion objectives. We present one of the first empirical evalu-
ations of weighted proximity as a metric for modeling user
preferences in CF recourse generation. The results from our
two studies indicate that weighted proximity exhibits weak
and inconsistent alignment with human preferences under
both global and personalized weighting schemes. We per-
formed a range of sensitivity analyses whose results confirm
that this poor alignment is robust across different experimen-
tal settings and modeling choices. Overall, these results un-
derscore the need to empirically validate recourse objectives
with real users and motivate future research toward more
human-centered approaches to modeling recourse prefer-
ences.
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