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Abstract

The adoption of responsible data science (RDS) practices in Al
development remains inadequate despite growing awareness of
algorithmic harms. One measure of success is by observing practi-
tioners’ behaviors — namely, their adoption of responsible sequences
of behaviors in their model building practice. This paper evaluates
two interventions for changing problematic behaviors: (i) a motiva-
tional priming intervention that introduces short, relevant stories,
and (ii) a fairness toolkit (Aequitas)—to bridge the gap between ethi-
cal principles and practitioner behavior. Through a mixed-methods
study with data scientists (N=12), we assess how these interventions
influence fairness practices, model outcomes, and cognitive load
across credit risk and income classification tasks. Results indicate
that both interventions were efficient in promoting responsible data
science behaviors and improving the delivered models’ fairness,
while maintaining baseline accuracy. We argue that effective be-
havior change interventions must balance technical tooling with
motivational scaffolding to provide actionable insights for fostering
sustainable RDS practices.
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1 Introduction

As artificial intelligence (AI) and machine learning (ML) systems
permeate critical domains such as healthcare[8], finance[7], and
criminal justice[32], their societal impact becomes increasingly sig-
nificant. While these technologies promise to streamline decision-
making and enhance efficiency, they also pose ethical challenges[5].
Algorithmic biases, data inequities, and unintended consequences
have drawn attention to the need for responsible data science (RDS)
practices. For instance, research has documented cases where pre-
dictive models systematically discriminate against marginalized
communities, leading to unequal access to opportunities such as
housing or loans[31]. Responsible data science encompasses prac-
tices aimed at mitigating these harms, fostering fairness, and en-
suring accountability in data-driven systems[1, 33, 42].

Efforts to advance fairness and accountability in data science
have predominantly centered on outcome-oriented metrics, such as
fairness indices, accuracy measures, and other performance bench-
marks, as tools for evaluating model outputs[27, 29, 38]. These
metrics are undeniably valuable as they quantify disparities and
highlight areas for improvement, providing a starting point for ad-
dressing systemic issues. However, they fall short of capturing the
broader context of how these outcomes are achieved. For instance,
while a fairness metric may confirm that a model meets certain
criteria for equitable predictions, it offers no insight into whether
responsible practices—such as comprehensive data exploration,
bias-aware modeling, or transparent reporting—were followed dur-
ing development[9, 19]. This exclusive focus on outcomes risks a
superficial adherence to fairness goals, where technical metrics are
optimized without addressing the behavioral and cognitive pro-
cesses that underlie decision-making. Bridging this gap requires
evaluation methods that not only measure end results but also as-
sess the processes and practices that shape these results, ensuring
that responsible behaviors are systematically embedded in data
science workflows.

Recently, Dong et al.[15, 16] assert that responsible data science
is inherently tied to the behaviors and practices of the data scien-
tists themselves. They argue that while technical innovations—such
as fairness auditing tools and bias mitigation algorithms—play a
crucial role in advancing RDS, they cannot succeed in isolation.
The ultimate impact of these tools depends on how data scientists
incorporate them into their workflows and decision-making pro-
cesses. This requires addressing human factors, such as awareness
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of ethical considerations, commitment to fairness, and motivation
to adopt responsible practices, which collectively drive the success
or failure of RDS initiatives. By framing RDS as a function of be-
havior, Dong et al. shift the focus from merely providing technical
solutions to fostering a culture of responsibility among practition-
ers [16]. Such a behavioral lens recognizes that ethical data science
is not achieved solely through tools and guidelines but through
the deliberate actions and decisions of individuals. However, while
Dong et al. lay a theoretical foundation [14, 16] of behavior change
interventions, these theories have yet to be empirically evaluated
in the context of RDS, a gap which we aim to address in this work.

Driving behavior change in responsible data science (RDS) ne-
cessitates a focus on the underlying cognitive and motivational
factors that influence data scientists’ decision-making processes.
For instance, research in behavior change frameworks, such as the
COM-B model [28], highlights that Capability, Opportunity, and
Motivation are critical elements in fostering sustained behavioral
shifts. For data scientists, these elements manifest as the ability to
understand and apply fairness concepts (Capability), access to tools
and resources that facilitate responsible practices (Opportunity),
and the intrinsic or extrinsic drive to prioritize ethical consider-
ations in their workflows (Motivation). Nevertheless, despite the
existence of theoretical frameworks such as COM-B [28] for be-
havior change, their practical adoption in real-world workflows
in the domain of data science has yet to be explored. Factors such
as competing priorities, time constraints, and a lack of actionable
guidance may hinder the integration of responsible practices into
everyday tasks. Addressing this gap requires interventions that
not only educate but also empower and motivate data scientists to
incorporate responsibility as a core component of their workflows.

In this paper, we contribute a study with N=12 data scientists that
aims to bridge the gap between theoretical aspirations and prac-
tical challenges in fostering responsible behavior in data science
workflows. Our work complements existing descriptive research
by providing, to our knowledge, the first controlled experimental
evaluation of behavior change interventions in responsible data
science, moving beyond characterizing existing practices to sys-
tematically measuring intervention effectiveness and underlying
mechanisms. We evaluate the efficacy of behavior change interven-
tions (BCls) designed to encourage practices such as fairness-aware
modeling, bias mitigation, and comprehensive data exploration. To
achieve this, we compare three levels of intervention: (1) a control
condition with no explicit guidance, (2) a fairness primer aimed at
raising awareness of biases, and (3) the use of Aequitas, an open-
source toolkit for auditing bias and assessing fairness. By assessing
these interventions, we aim to uncover how different approaches
influence both the behaviors of data scientists and the resulting
technical outcomes. Additionally, we examine factors such as cogni-
tive load and usability to ensure that the interventions are practical
and sustainable for real-world adoption. This multifaceted evalua-
tion provides actionable insights into how behavior change can be
effectively fostered in data science practices.

Our study found that both interventions significantly increased
responsible behaviors compared to the control condition, with Ae-
quitas demonstrating superior effectiveness in improving fairness
metrics (p < 0.01), while the motivational prime showed stronger
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motivational effects. Importantly, neither intervention compro-
mised model accuracy. We also found that Aequitas imposed higher
cognitive load, while personal connection to fairness scenarios en-
hanced intervention effectiveness, particularly among participants
who could relate to disadvantaged groups.

In this work we make the following contributions:

(1) Empirical evaluation of behavior change interventions:
We provide the first systematic comparison of motivational
priming versus technical tooling approaches for promoting
responsible data science practices, demonstrating that both
can effectively increase responsible behaviors.

(2) Mixed-methods framework for intervention evalua-

tion: We establish a comprehensive evaluation approach

combining behavioral observation, fairness metrics, cogni-
tive load assessment, and qualitative analysis that can guide
future research in this domain.

Cognitive load trade-offs in Behavior Change Interven-

tion for RDS: We quantify the cognitive burden associated

with fairness tools, revealing that more effective interven-
tions (Aequitas) may impose higher mental demands, inform-
ing future tool design.

Role of personal connection in ethical motivation: We

demonstrate that practitioners’ ability to relate to affected

groups significantly enhances intervention effectiveness,
suggesting design principles for more impactful behavior
change strategies.
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Our findings reveal actionable insights for designing effective
behavior change interventions that balance technical capability,
motivational support, and cognitive feasibility to foster sustainable
responsible data science practices.

2 Related Work

2.1 Responsible Data Science

Responsible Data Science has emerged as a multidisciplinary ef-
fort to address ethical challenges arising from the deployment of
AT and machine learning systems in high-stakes domains such as
healthcare[8], finance[7], and criminal justice[32]. Early work in
RDS focused on developing technical frameworks to quantify and
mitigate biases in algorithmic decision-making. For example, foun-
dational tools like AI Fairness 360[4] introduced fairness metrics
(e.g., demographic parity, equalized odds) and bias mitigation algo-
rithms, enabling practitioners to audit models for disparities. Simi-
larly, Feldman et al.[17] proposed methods to certify and remove
disparate impact in datasets through pre-processing techniques,
emphasizing outcome-oriented fairness—ensuring models meet
predefined fairness criteria in their predictions. These tools have
become critical for diagnosing and addressing biases in data and
models, particularly as research highlights systemic discrimination
in domains like loan approvals[31] and healthcare diagnostics[8].
However, critiques of RDS frameworks argue that an overreliance
on technical solutions risks overlooking the human and organiza-
tional contexts in which these tools are applied. Dong et al.[15, 16],
for instance, assert that RDS demands rigor in both technical respon-
sibility and behavioral responsibility. Similarly, Crisan et al.[10]
observed that many RDS methodologies neglect the behavioral and
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cognitive processes of data scientists, such as how ethical consider-
ations are weighed against competing priorities like accuracy or
efficiency. For instance, practitioners may use fairness toolkits to
audit models post hoc but fail to integrate responsible practices
proactively into their workflows due to time constraints or lack of
incentives[31]. This gap is further exacerbated by the disconnect
between technical fairness (e.g., optimizing for statistical parity)
and procedural fairness—the extent to which responsible practices
(e.g., bias-aware data exploration, transparency in reporting) are
systematically embedded into workflows[1].

Recent scholarship calls for a paradigm shift in RDS, moving
beyond outcome-centric metrics to address the behavioral roots
of ethical decision-making. Human-centered approaches, such as
those outlined by Aragon et al.[1], emphasize that responsible out-
comes depend not only on algorithmic corrections but also on
fostering a culture of accountability among practitioners. This in-
cludes encouraging critical reflection on data collection practices,
iterative bias mitigation across the model lifecycle (pre-processing,
in-processing, post-processing)[4, 17], and transparent communica-
tion of limitations to stakeholders[42]. Yet, as Purificato et al.[31]
demonstrated in their analysis of loan approval systems, even when
fairness tools are available, practitioners often deprioritize ethical
considerations unless motivated or incentivized to do so.

This evolving discourse underscores a key insight: technical
tools alone cannot guarantee responsible outcomes with-
out complementary interventions that target the behaviors,
norms, and incentives shaping data science practices. By fram-
ing RDS as both a technical and behavioral challenge, this study
builds on prior work to evaluate how interventions can bridge the
gap between theoretical fairness frameworks and their practical
adoption.

2.2 Behavior Change Interventions in Data
Science

Behavior Change Interventions (BCIs) in data science aim to ad-
dress the human factors that hinder the adoption of responsible
practices, bridging the gap between theoretical frameworks and real-
world workflows. Grounded in behavioral psychology, the COM-B
model[28] provides a robust theoretical foundation for designing
such interventions. It posits that sustained behavioral change re-
quires three interrelated components: Capability (knowledge and
skills), Opportunity (environmental enablers), and Motivation (in-
trinsic/extrinsic drivers). Recent studies have operationalized this
framework in the data science contexts[16], focusing on tools and
strategies that target these dimensions.

Capability - focused interventions emphasize equipping data sci-
entists with the skills to identify and mitigate biases. For exam-
ple, Cruz et al.[11] introduced FairGBM, a fairness-aware gradient-
boosting framework that simplifies the integration of fairness con-
straints during model training. Similarly, educational primers and
workshops[31] have been used to raise awareness of ethical pitfalls,
such as conflating correlation with causation in biased datasets.
These approaches align with findings by Purificato et al.[31], who
demonstrated that practitioners often lack actionable guidance on
how to operationalize fairness principles without sacrificing model
performance.
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Opportunity - oriented interventions focus on reducing barriers
to adopting responsible practices by embedding tools directly into
data scientists’ workflows. The Aequitas toolkit[22], for instance,
provides interactive bias audits within computational notebooks,
enabling real-time fairness assessments. Building on this, recent
work by Wang et al.[40] in SuperNOVA: Design Strategies and
Opportunities for Interactive Visualization in Computational Note-
books highlights how embedded visualization tools can lower the
cognitive cost of responsible practices. By integrating interactive
visualizations for bias detection and fairness metrics, tools like Su-
perNOVA make complex ethical considerations more accessible,
encouraging proactive engagement during model development.
Motivation - remains the most challenging dimension to address.
Recent empirical studies highlight systemic barriers to sustaining
motivation. For example, Holstein et al.[21] conducted interviews
with 35 industry practitioners and identified that even when fair-
ness tools are available, practitioners lack institutional incentives to
adopt them, particularly when ethical outcomes are not tied to per-
formance evaluations. To counteract ethical dissonance, BCIs must
connect technical decisions to tangible societal outcomes. Shen
et al.[34] developed Value Cards, an educational toolkit that uses
scenario-based reflection to help practitioners weigh trade-offs be-
tween accuracy and fairness. Participants exposed to these exercises
reported heightened motivation to adopt responsible practices, as
they better understood the human consequences of biased models.
Similarly, D’Ignazio et al.[13] advocate for participatory design in
data science, where collaboration with marginalized communities
fosters ethical accountability by grounding abstract fairness metrics
in real-world harms.

Despite progress, gaps persist. Most BCIs focus on isolated di-
mensions of COM-B rather than holistically addressing capability,
opportunity, and motivation. This study advances this discourse by
evaluating how complementary approaches—motivational priming
and tool-based support—interact to drive behavioral shifts.

Furthermore, recent empirical work has begun to characterize
how practitioners engage with fairness toolkits in practice. Lee
and Singh[24] conducted a comprehensive landscape analysis of
open source fairness toolkits, providing a comparative assessment
of existing tools and identifying key gaps in the fairness toolkit
ecosystem. Their systematic evaluation highlighted challenges in
toolkit usability and practitioner adoption, reinforcing the need for
empirical studies that examine not just toolkit availability but their
actual effectiveness in changing practitioner behaviors. While their
work provides valuable insights into the current state of fairness
tools, it focuses on descriptive analysis rather than experimental
evaluation of behavior change mechanisms. Moreover, Deng et
al.[12] conducted think-aloud studies with industry practitioners
to understand how they learn about and attempt to use fairness
toolkits (Fairlearn[6] and AIF360[4]), identifying challenges around
contextualization, communication with non-technical stakeholders,
and time-constrained decision-making. Similarly, Balayn et al.[2]
conducted interviews with ML practitioners to examine factors
that fragment practices when using fairness toolkits, finding that
toolkits can act as “double-edged swords”—increasing awareness
of algorithmic fairness while potentially promoting a checkbox
culture and narrowing focus away from broader harms.
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These descriptive studies collectively establish that practitioners
face significant barriers to adopting responsible practices, even
when tools are available, and that awareness alone may not trans-
late to behavioral change. However, these works focus on char-
acterizing existing practices and identifying barriers rather than
experimentally evaluating whether specific interventions can effec-
tively change behaviors and improve outcomes. This gap between
descriptive understanding and experimental validation represents
a critical limitation in the field: while we know that prompting
practitioners to consider ethics might intuitively lead to more eth-
ical behavior, the magnitude, mechanisms, and sustainability of
such effects remain empirically uncharacterized. Our work ad-
dresses this limitation by providing, to our knowledge, the
first controlled experimental evaluation of behavior change
interventions in responsible data science, measuring not just
whether practitioners use tools, but whether interventions sys-
tematically improve responsible behaviors and fairness outcomes,
and the mechanisms through which this change occurs. By rig-
orously quantifying intervention effects and comparing different
approaches, we move beyond intuitive expectations to provide
evidence-based insights for designing effective behavior change
strategies in RDS.

3 Methods

We conducted a user study to evaluate behavior change interven-
tions for responsible data science. The method outlined here is
designed to address several gaps in the literature. For instance, we
build upon theoretical contributes in behavior change for RDS [15,
16] by providing empirical support for the efficacy of behavior
change interventions. Likewise, our study directly addresses the
limitations of outcome-centric approaches by systematically observ-
ing the processes and behaviors that lead to responsible outcomes.
Rather than solely measuring fairness metrics post hoc, we eval-
uate the entire workflow—from data exploration through model
development to bias auditing—to capture how interventions in-
fluence the behavioral and cognitive processes underlying ethical
decision-making. Finally, our approach responds to critiques by
Dong et al. [15, 16] and Crisan et al. [10] that highlight the ne-
glect of human factors in RDS methodologies. Our experimental
design operationalizes the COM-B framework [28] by testing in-
terventions that target different behavior change mechanisms. By
comparing these approaches against a control condition, we can
isolate specific mechanisms through which behavior change occurs,
moving beyond the technical tool provision that dominates current
RDS research toward a more nuanced understanding of how to
foster sustainable responsible practices in real-world data science
workflows. This research study was reviewed and approved by a
university institutional review board (IRB). This section presents an
overview of the study objectives, the tasks that participants were
asked to perform, and the chosen interventions.

3.1 Tasks & Interventions

The study design (depicted in Figure 1) is divided into two within-
subjects tasks:

(1) Credit: In this task, participants were asked to predict the
risk of bank loans using the German Credit Dataset[20]. The
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task required participants to evaluate how features such as
income, credit history, and employment status might influ-
ence loan decisions.

(2) Census: This task focused on predicting income brackets
using the Census (Adult Income) dataset[3] to advise the
state government to allocate low-income housing benefit
aid. Participants had to consider factors such as education,
occupation, and marital status, analyzing their impact on
income predictions.

The order of the two tasks is randomized. Additionally, there are
three conditions corresponding to three levels of intervention:

(1) Control (no intervention): Participants complete the tasks
in a basic Google Colab notebook.

(2) Prime: Task instructions are augmented with a short story
to prime participants to be mindful of model fairness. For ex-
ample, we added the following text in a cell at the beginning
of the Google Colab notebook for the Credit Task: “As banks
increasingly deploy artificial intelligence tools to make credit
decisions, they are having to revisit an unwelcome fact about
the practice of lending: Historically, it has been riddled with
biases against protected characteristics, such as race, gender,
and sexual orientation. Such biases are evident in institutions’
choices in terms of who gets credit and on what terms. Research
shows that 56% of the female applicants evaluated would have
received an unfair offer compared to their male peers with
worse credit profiles and less profitable, but otherwise similar,
businesses. If biases played no role in credit decision-making,
that percentage would have been zero.”

(3) Aequitas [22]: Participants use the Aequitas notebook plu-
gin to complete the task. Aequitas is an open-source tool
developed to audit data science models for bias and fairness.
It provides data scientists interventions to assess model fair-
ness and mitigate biases in predictive models. Within the de-
sign space introduced by Dong et al. [15], Aequitas exempli-
fies a behavior change intervention that enhances both Capa-
bility and Motivation within the COM-B model [28] (What)
for experienced data scientists (Who). It functions as an in-
situ tool during modeling workflows (Where) that operates
at the post-processing of data science pipeline (When), us-
ing automated fairness auditing with visual feedback (How)
to identify and mitigate bias while balancing fairness and
performance metrics (Why).

Each participant completed both the Credit and Census modeling
tasks in a counterbalanced design. The first task was randomly
assigned between Credit or Census, and the assignment of tasks to
conditions was counterbalanced across participants. This ensured
that task order (Credit-first vs. Census-first) and task-condition
pairings were balanced between the Prime and Aequitas groups.

We selected Prime and Aequitas to represent two fundamental
approaches to behavior change in RDS that map to distinct dimen-
sions of the COM-B framework [28]. Prime exemplifies motivation-
focused interventions that use narrative framing and awareness-
raising to influence ethical decision-making—an approach grounded
in social psychology research showing that personal relevance and
emotional connection drive behavioral change [26]. This represents
abroader class of “soft” interventions that aim to shift practitioners’
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mindsets without providing technical capabilities. This condition
also enables us to check our fundamental assumption that ana-
lysts will behave more responsibly when prompted to do so. The
interesting question for this condition is whether a soft behav-
ioral nudge is sufficient to yield responsible analysis outcomes. In
contrast, Aequitas represents capability and opportunity-focused
interventions that provide concrete technical tools embedded di-
rectly into workflows. This approach assumes that practitioners are
motivated but lack the means to operationalize fairness. Aequitas
exemplifies a broader class of “hard” interventions including bias
measurement and visualization that reduce technical barriers to
responsible practices. We specifically chose Aequitas over alter-
natives (e.g., Al Fairness 360 [4]) because it integrates seamlessly
into Jupyter notebooks, a common data science environment, and it
focuses on post-processing auditing rather than pre-processing or
in-processing constraints, allowing us to observe how practitioners
respond to fairness feedback after initial model development. This
design choice allows us to evaluate not just whether tools help, but
how practitioners engage with fairness information when it’s pre-
sented after they’ve already invested effort in model development.

3.2 Participants

We recruited 12 participants, each with at least 5 years of experi-
ence in data science. These participants were recruited through
direct recruitment emails and message invitations on LinkedIn to
data science practitioners in the industry. To avoid potential prim-
ing effects, the recruitment messages did not mention—explicitly
or implicitly—-that this study focuses on responsible data science
or data science rigor. Similarly, our screening survey focused on
demographic information and did not ask participants about their
prior experience with responsible data science. Participants were
incentivized with a digital gift card worth $25 per hour for their
participation, which included their time spent in both phases of the
study, as well as follow-up surveys and interviews. We introduce
the participants’ demographic information within the Table 1.

3.3 Procedure

The study was conducted via Zoom, with each of the two tasks
taking approximately one hour and separated by a minimum of
24 hours. Each of the two tasks were conducted on separate days
for two reasons: (1) to reduce fatigue and (2) to minimize the risk
of participants relying on short-term memory or learning effects
from earlier tasks that could influence their behavior in subsequent
tasks. Participants were asked to turn on screen sharing during
the session. The Zoom meeting was screen and audio recorded to
capture participant behaviors during data science practices. Partic-
ipants were provided with a Google Colab Notebook containing
dataset characteristics and task instructions corresponding to their
condition in the study. All Al features including Gemini were dis-
abled. All participants provided verbal responses to our interview
questions, with the exception of one participant (P7) who shared
their responses via email due to recent health problems that affected
their voice.
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3.4 Responsible Data Science Practices and Data
Collection

To evaluate the efficacy of behavior change interventions, we define
an operational checklist of responsible data science practices. This
checklist serves as a reference for observing participants’ behav-
iors during their data science workflows. The practices identified
are informed by Crisan et al.[10], which outlines the data science
process, and Dong et al.[16], which provides concrete methods to
ensure fairness and responsibility in Al-driven models. Below, we
detail the specific responsible practices included in the checklist,
categorized into Pre-processing, In-processing, and Post-processing
stages.

(1) Pre-processing - These practices focus on preparing the
data responsibly, ensuring quality and fairness before any
modeling occurs.

(a) Data Profiling: Examine data distributions and key at-
tributes, such as column types and ranges, to identify
anomalies or imbalances.

(b) Data Engineering: Address missing values or labels in
datasets by applying appropriate techniques such as im-
putation or removal.

(c) Data Wrangling: Transform raw data into usable formats,
such as converting numerical/textual data into categorical
formats and creating meaningful features.

(d) Sub-group Exploration: Analyze and visualize the distri-
bution of sub-groups, particularly sensitive groups, to ex-
plore data distribution and potential data imbalances.

(e) Bias Mitigation Pre-processing: Apply pre-processing bias
mitigation methods, such as Disparity Impact Remover[17],
to reduce bias in the data before modeling.

(2) In-processing - These practices guide responsible decision-
making during model training.

(a) Fairness-Aware Modeling: Utilize fairness-aware algorithms,
such as FairGBM[11], to address biases during model de-
velopment.

(b) Compare Model Alternatives: Experiment with various
model types to identify those that balance performance
and fairness effectively.

(c) Parameter Tuning: Perform hyperparameter comparison
and optimization, such as grid or random search, to en-
hance model performance.

(3) Post-processing - These practices ensure the outputs of the
model are interpreted and refined responsibly.

(a) Outcome Inspection: Print or visualize confusion matrices
or other evaluation metrics to understand model perfor-
mance.

(b) Bias Auditing: Audit the model’s predictions to assess bias
and fairness on the potentially disadvantaged group.

(c) Configuration Iterations: Iterate on earlier stages (pre-
processing or in-processing) based on the outcomes to
refine the data or model configuration.

(d) Fairness Correction: Modify model outputs to meet fair-
ness criteria without retraining, such as equalizing out-
comes to reduce disparities[30].
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Figure 1: Participants all completed either Task A or B (order randomized) first with the Control condition. Then, participants
were randomly assigned to either the Fairness Prime condition or the Aequitas condition to complete the other task.

Table 1: The participants’ demographic information, including their gender, years of experience (YOE), age, and occupation

Session Participant Gender YOE Age Occupation
Prime P1 Male 5 26 Data Scientist
Prime P2 Female 6 38 Data Scientist
Prime P3 Female 11 37 Applied Scientist
Prime P4 Male 7 38 Research Scientist
Prime P5 Male 8 32 Data Scientist
Prime P6 Female 9 31 Applied Scientist

Aequitas pP7 Male 8 31 Data Scientist

Aequitas P8 Male 7 32 Bio Info Data Scientist

Aequitas P9 Male 5 27 Data Analytist

Aequitas P10 Male 10 36  Machine Learning Scientist

Aequitas P11 Male 10 33 Data Scientist

Aequitas P12 Male 8 36 Applied Scientist

Using this checklist, we can then derive a score for a given data
science workflow according to how many of these responsible
practices are observed.

3.5 Hypotheses & Measures

In this user study, we formulated 5 hypotheses regarding the im-
pact of behavior change interventions on responsible data science
practices. These hypotheses align with our paper’s central goal of

evaluating how behavior change interventions can bridge the gap
between ethical principles and practitioner behavior in responsible
data science. Through hypothesis testing, we aim to provide em-
pirical evidence for designing effective interventions that promote
sustainable responsible practices without compromising technical
outcomes.

For each hypothesis (H1-H5), statistical tests (e.g., repeated-
measures t-tests, Wilcoxon test) are applied to assess differences
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across intervention conditions (Control, Prime, Aequitas). We detail
the hypotheses and respective statistical measurement for each
hypothesis below:

H1: Responsible Behaviors - Both Prime and Aequitas interven-
tions will promote responsible behaviors compared to the Control, and
Aequitas will outperform Prime. We conduct a Repeated-Measures
t-test to compare the mean coverage and frequency of responsi-
ble practices observed in participants’ behaviors across the three
intervention levels: Control, Prime, and Aequitas.

H2: COM-B Factors[28] - Both Prime and Aequitas interventions
will primarily influence the ‘Motivation’ factor within the COM-B
framework, compared to ‘Capability’ and ‘Opportunity’. We utilize a
Wilcoxon test to examine differences in participants’ Likert-scale
ratings for "Capability,’ "Opportunity,’ and "Motivation" across the
three conditions, while accounting for within-subject dependencies.

H3: Model Fairness - Both Prime and Aequitas interventions will
improve fairness metrics of the resulting models, and Aequitas will
outperform Prime. We perform a repeated-measures t-test to com-
pare fairness metrics (false discovery rate ratio of disadvantaged
and non-disadvantaged groups) across conditions (Control, Prime,
and Aequitas).

H4: Model Performance - Both Prime and Aequitas interventions
will not significantly affect the accuracy of the resulting models. We
perform a repeated-measures t-test to compare model’s accuracy
across conditions (Control, Prime, and Aequitas).

H5: Cognitive Load - Both Prime and Aequitas interventions will not
significantly increase the cognitive load compared to the Control. We
apply a Wilcoxon test to compare the median cognitive load scores
between conditions (e.g., Control vs. Prime, Control vs. Aequitas)
by analyzing the direction and magnitude of paired differences.

Rationale: We predict Aequitas will outperform Prime (H1, H3)
because interventions addressing multiple COM-B dimensions (Ca-
pability + Motivation + Opportunity) produce stronger effects than
single-dimension approaches (Motivation alone) [37], and action-
able tools enable practitioners to act on fairness concerns rather
than merely being aware of them [39]. We hypothesize Motivation
as the primary driver for both interventions (H2) because our expe-
rienced participants (5+ years) already possess baseline technical
skills, and the one-hour timeframe limits deep capability develop-
ment. Instead, interventions are likely to shift how practitioners
prioritize fairness relative to other goals. We predict no significant
impacts to model accuracy (H4) because fairness and accuracy are
not inherently opposed in this experiment [25], challenging the
common “fairness-accuracy tradeoff” belief that hinders RDS adop-
tion. Finally, we hypothesize minimal cognitive load increases (H5)
as Prime requires only reading a brief narrative and Aequitas auto-
mates manual fairness auditing, though understanding cognitive
costs is critical for real-world adoption [41].

4 Quantitative Findings
4.1 H1: Responsible Behaviors

To assess the impact of our interventions on responsible data sci-
ence practices (H1), we counted the number of responsible behav-
iors exhibited by participants across all three conditions, using the
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framework outlined in subsection 3.4 (maximum of 12 responsible
behaviors).

The data reveal a clear pattern of a larger number of responsi-
ble behaviors observed while using the interventions compared to
the control. When exposed to the Prime intervention (Figure 2),
participants exhibited an average of y = 5.7 (c = 0.75) respon-
sible behaviors compared to their Control behaviors of y = 2.8
(0 = 0.69). A repeated measures t-test revealed a large positive
effect (t = —9.21, p < 0.01, Cohen’sd [23] = 2.56, 0.95 CI (confi-
dence interval [18]) [0.39, 4.72]). With this large effect size, we had
>0.99 statistical power to detect the intervention’s impact, and the
confidence interval suggests the true effect ranges from medium to
very large positive effects on responsible behaviors.

Those using the Aequitas toolkit (Figure 3) demonstrated the
highest average at 4 = 8.1 (0 = 1.34) responsible behaviors com-
pared to their Control behaviors of u = 3.67 (0 = 1.25), showing a
large positive effect (t = —6.26, p < 0.01, Cohen’sd = 3.76, 0.95 CI
[0.78, 6.75]). The confidence interval indicates the true effect ranges
from small to very large, with >0.99 statistical power to detect this
substantial intervention impact.

This observation suggested a marginally significant difference in
baseline behaviors between the two groups. While this difference
did not reach the conventional threshold for statistical significance
(p < 0.05), it indicates some initial variability between groups that
should be considered when interpreting the intervention effects.

These results support H1: that both interventions promote
responsible behaviors compared to the Control condition, with
Aequitas demonstrating a more pronounced effect than Prime. The
significant increase in observed responsible behaviors suggests that
both motivational priming and technical tooling such as Aequitas
can effectively influence data scientists’ behaviors towards more
responsible practices.

These quantitative results are further supported by participants’
reflections on their behavior during the study. For example, P6
noted, ‘I definitely put more effort within this study to ensure fairness
[after reading the Prime].” Likewise, P3 noted, “This tool made me
aware how unfair some groups can be treated in ML practices... it
gives me a chance to revisit my model configuration from time to
time.” Similarly, participants using Aequitas described shifts in their
practices. P1 reflected, “Using Aequitas made me realize it [fairness] is
also a very important component in the evaluation process... Without
Aequitas, I would feel reluctant to put so much effort to manually
implement and evaluate fairness on my own.”

4.2 H2: COM-B Factors

For H2, we were interested in whether the interventions would
primarily influence an individual’s Capability (C), Opportunity (O),
or Motivation (M) to perform responsible data science behaviors.
We asked participants to rate the extent to which the treatment
altered their Capability, Opportunity, and Motivation to complete
the task responsibly, and asked them follow up questions to further
elaborate on their rating (Interview questions are shown in Table 2).
We used the term “engagement" to replace the term “opportunity”
as pilot studies revealed that the terminology of “opportunity” was
not clear to participants. We collected Likert-style ratings (-2 =
Negative Influence, -1 = Slightly Negative Influence, 1 = Slightly
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Responsible Behaviors Responsible Behaviors Responsible Behaviors
Session Participant (Pre-Processing) (In-Processing) (Post-Processing) Total
Data Profiling  Data Engineering Data Sub-group  Bias Mitigation Fairnr;less-_Aware Compare Model  Parameter Outcome g a\iting  COMfiguration  Fairness Count
odeling Tuning Iterations Correction
P1-1 V] V] 3
P21 ] ] ] 3
P31 V] [/ V] 3
Control P4-1 V] V] 2
P5-1 [] ] ] ] 4
P6-1 2 V] 2
Control Stats 33% 17% 100% 17% 0% 0% 0% 17% 100% 0% 0% 0% 238
P12 ] 2 ] 5
P22 V] 2 V] V] 2 V] 7
P3-2 V] V] 6
T;f,ari"r:s)'“ P4-2 B ] V] ] B V] 5
P5-2 V] V] V] 6
P6-2 V] V] 5
Treatment (Prime) Stats 50% 33% 100% 33% 0% 17% 67% 50% 100% 67% 50% 0% 5.7

Figure 2: An overview of the participants’ responsible behaviors within the Prime group’s control and treatment sessions.

Responsible Behaviors Responsible Behaviors Responsible Behaviors

Session Participant (Pre-Processing) (In-Processing) (Post-Processing) Total
Data Profiling  Data Engineering Data Sub-group Eias Mitigation Fair'\r;‘eozse-‘/i\"v;are Cm‘«z::.i x/zdsel Fa:;::i-:tger Outcome Bias Auditing cel?ef:-?:.?r::’" Faimeﬁs Count

P1-1 V] V] V] V] 4

P2-1 V] V] V] V] V] V] 6

P3-1 2 V] 2

Control P4-1 V] 3

P5-1 (V] ] 4

P6-1 ] ] V] 3

Control Stats 50% 67% 100% 17% 0% 0% 17% 17% 100% 0% 0% 0% 3.7

P12 V] V] V] V] V] V] V] V] V] 10

P2-2 ] /] V] V] ] v 9

Treatment P32 V] (V] V] (V] 2 V] V] V] 8

(Aequitas) P4-2 2 V| | ] V] V] V] ] V] 9

P5-2 V] V] V] V] V] V] 6

P6-2 v V] V] V] v 7

Treatment(Aequitas) Stats 33% 100% 100% 67% 17% 33% 100% 83% 100% 100% 100% 0% 8.2

Figure 3: An overview of the participants’ responsible behaviors within Aequitas group’s control and treatment sessions.

Positive Influence, 2 = Positive Influence) from participants on
their perceived Capability, Opportunity, and Motivation across the
three conditions (Table 2). We employed Wilcoxon signed rank
tests to analyze differences between COM-B factors within each
intervention group.

For the Prime intervention (n=6), participants rated a marginally
positive influence on Capability (u = 1), Opportunity (¢ = 1.67), and
Motivation (¢ = 2). Consistent with H2, Motivation was rated as
having the largest influence. A Wilcoxon signed rank test compar-
ing Motivation and Capability yielded a significant effect (W = 21,
p = 0.0715, rank-biserial r = 1.00, indicating a large effect size), sug-
gesting Motivation ratings were higher. However, the comparison
of Motivation to Opportunity showed a large effect size but was not
statistically significant (W = 3, p = 0.079, r = 0.86), likely due to
limited statistical power with our small sample. For the Aequitas in-
tervention (n=6), participants rated a marginally positive influence
on Capability (u = 1.67), Opportunity (4 = 1.67), and Motivation
(¢ = 2). While Motivation was rated higher than both Capability
(W =3, p =0.079, r = 0.86) and Opportunity (W = 3, p = 0.079,
r = 0.86), the results were not statistically significant despite large
effect sizes. The combination of large effect sizes (r = 0.86) with
non-significant p-values reflects our limited statistical power with
n=6, suggesting the data is consistent with meaningful differences
in COM-B factors that our study was underpowered to detect defini-
tively. Thus these findings partially support H2.

While the Prime intervention significantly enhanced partici-
pants’ Motivation compared to their perceived Capability, it was
not significant when comparing Motivation to Opportunity, or for

any of the factors for the Aequitas intervention. While we do not
find conclusive statistical support for the motivational impact of the
interventions, we do find qualitative support for some individuals.
Several participants who received the Prime intervention explicitly
mentioned how the fairness framing motivated their behaviors.
For instance, P5 shared, ‘T wouldn’t necessarily say my model is
better, but I would say it’s more responsible given my motivation... It
[Prime] definitely motivates me to explore more about what’s going
on with this bias.” Similarly, P10 noted, ‘Tt made the problem more
tangible, more personal, and more interesting to solve, and made me
look forward more to the outcome of this data science model.” Par-
ticipants exposed to Aequitas also reported motivational effects,
though slightly more nuanced. P8 observed, “It improved my mo-
tivation by making it visually prominent... bias is something small
and implicit, not explicitly captured by any commonly used metrics
in my usual workflow.” Thus while Capability and Opportunity may
still played a role, participants largely perceived Motivation as the
driver of behavior change.

The pattern of large effect sizes (r>0.8) coupled with non-significant
p-values for several comparisons illustrates the importance of re-
porting effect sizes alongside significance tests. With our small
sample size, we had limited power to detect differences in ordi-
nal ratings, yet the effect size estimates suggest that Motivation
may indeed be more strongly influenced than other COM-B factors,
particularly for the Prime intervention where the Motivation vs
Capability comparison reached statistical significance.
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Table 2: Interview questions we asked participants after they finished the treatment study session.

Factor Question Phrasing

C How did Prime/Aequitas influence your capability to complete the task?
o How did Prime/Aequitas influence your engagement to complete the task?
M How did Prime/Aequitas influence your motivation to complete the task?

4.3 H3: Model Fairness

To evaluate the impact of the interventions on model fairness (H3),
we performed repeated-measures t-tests on fairness metrics across
the Control, Prime, and Aequitas conditions. We operationalized
fairness as the false discovery rate ratio between disadvantaged and
non-disadvantaged groups. In this case, values closer to 1 indicate
more fair models. We hypothesized that both interventions would
lead to fairness improvements, with Aequitas yielding superior
results compared to Prime.

Participants in the Prime condition exhibited a slight improve-
ment in fairness metrics (¢ = 1.65, ¢ = 0.35) over their Control
fairness (u = 2.05, 0 = 0.39). A paired t-test revealed a medium
effect size (t = 1.42, p = 0.1075, Cohen’sd = 0.58, 0.95 CI [-0.55,
1.71]). The wide confidence interval reflects substantial uncertainty
about the impact on model fairness. While not reaching conven-
tional significance thresholds and with only 0.21 statistical power
to detect medium effects given our sample size (n=6), the non-
significant p-value suggests no strong evidence of fairness changes,
though we cannot definitively rule out meaningful impacts in ei-
ther direction. In contrast, participants in the Aequitas condition
demonstrated a substantial improvement in fairness (¢ = 1.18,
o = 0.16) over their Control fairness (4 = 2.45, 0 = 0.31) , show-
ing a very large effect (t = 9.2, p < 0.01, Cohen’sd = 3.76, 0.95
CI [0.78, 6.74]). With >0.99 statistical power to detect this large
effect, the confidence interval strongly suggests substantial positive
impacts on model fairness. This effect suggests that providing di-
rect fairness auditing and mitigation tools can significantly impact
fairness outcomes, leading to more equitable predictions across de-
mographic groups. Given these findings, we find partial support
for H3: Aequitas significantly improves fairness metrics, while
Prime shows a trend toward improvement that did not reach statis-
tical significance. Aequitas outperforms Prime in terms of fairness
improvement. The quantitative improvements in model fairness
were echoed by participants’ reflections on how the interventions
shaped their fairness-oriented decision-making. Participants who
used Aequitas, for instance, highlighted the tool’s role in identify-
ing and mitigating bias. P1 shared, “Using Aequitas made me realize
fairness is also a very important component in the evaluation process...
It can inform my decision on what kind of model to choose.”

4.4 H4: Model Performance

To evaluate whether the interventions affected model performance
(H4), we conducted repeated-measures t-tests comparing the ac-
curacy of models produced in the Control condition versus those
developed with the Prime and Aequitas interventions. For the Prime
group (n=6), models showed a mean accuracy of i = 0.60 (¢ = 0.03)
compared to Control accuracy of y=0.59 (6=0.05), representing a
small positive effect (t = —0.59, p = 0.58, Cohen’sd = 0.24, 0.95

CI [-0.83, 1.30]). The Aequitas group (n=6) showed mean accuracy
of p=0.58 (0=0.04) compared to Control performance of y=0.61
(0=0.02), representing a medium negative effect (+ = 1.59, p = 0.17,
Cohen’sd=-0.65, 0.95 CI [-1.80, 0.51]). Critically, given our sample
size (n=6 per group), we had only 0.17 statistical power to detect
medium-sized effects on accuracy. The wide confidence intervals
reflect substantial uncertainty about the impact on model accuracy.
While the non-significant p-values suggest no strong evidence of
accuracy changes, we cannot rule out meaningful impacts in either
direction. Thus, we interpret these results as indicating that our
study was underpowered to detect such effects definitively.Future
studies with larger sample sizes would be needed to narrow these
confidence intervals and make more definitive claims about accu-
racy impacts.

These findings have important implications for the responsible
data science field. We found that H4 is non-significant (under-
powered): The combination of small effect sizes and wide confi-
dence intervals suggests that fairness improvements (as demon-
strated in H3) need not come at a substantial cost to model per-
formance. While we cannot definitively rule out small accuracy
trade-offs, the magnitude of any such trade-offs appears modest
relative to the substantial fairness gains observed, particularly for
Aequitas. This challenges the common perception that fairness
and accuracy exist in strict opposition, suggesting instead that
with appropriate interventions, practitioners can improve fairness
outcomes while maintaining acceptable model quality. We acknowl-
edge that there exist cases where fairness and accuracy may be
in tension—for instance, when targeted discrimination would im-
prove overall model performance—but we believe these findings
contribute to understanding contexts where responsible practices
need not compromise technical outcomes.

4.5 H5: Cognitive Load

To assess H5, cognitive load was measured using the NASA-TLX
on a 7-point scale (0 = low demand to 7 = high demand) for six
dimensions: mental demand, physical demand, temporal demand,
performance, effort, and frustration. Note that because this was a
non-standard scale for the NASA-TLX, we rely on within-subjects
relative comparison of ratings, with each response first standard-
ized before conducting statistical tests. We employed the Wilcoxon
signed-rank test to determine whether the interventions signifi-
cantly influenced cognitive load across the six dimensions of the
NASA-TLX. Table 3 summarizes the standardized ratings for both
groups and the corresponding p-values from the Wilcoxon test.
For the Prime intervention, we compared standardized NASA-
TLX scores between the control and treatment groups. A Wilcoxon
signed rank test revealed no statistically significant differences in
mental demand (uc = 2.5, up = 2.67, W = 3.5, p = 0.39), physical
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demand (uc = 0.67, uyp = 1.5, W =3, p = 0.08), temporal demand
(uc = 0.5, uyp = 1.33, W = 3, p = 0.09), performance ratings
(uc = 417, up = 4, W = 2, p = 0.72), effort (uc = 2, yp = 2.3,
W =10, p = 0.24), or frustration (yc = 0.83, up = 1.17, W =1,
p = 0.16). Effect sizes (rank-biserial correlation) for the Prime
group were generally large across dimensions (r ranging from 0.52
to 0.95), though the absolute magnitude of changes remained small
(typically <1 point on the 7-point scale). These findings suggest
that the Prime intervention did not introduce additional cognitive
burden on participants. This aligns with the intervention’s design
as a lightweight, awareness-raising tool that required no procedural
changes to participants’ workflows.

In contrast, for the Aequitas intervention, the Wilcoxon signed-
rank test indicated a statistically significant increase in mental
demand (uc = 1.67, pa = 3, W = 21, p = 0.02), physical demand
(uc = 0.67, g = 1.33, W = 10, p = 0.02), performance (uc = 2.33,
Jia =333, W =10, p = 0.03), and effort (uc = 1, yip = 2.83, W = 15,
p = 0.02) in the treatment group compared to the control. How-
ever, no significant differences were observed in temporal demand
(e =1.17, pa = 1.67, W = 4.5, p = 0.21) or frustration (uc = 0.67,
pa =0.67, W =3, p = 0.5). Effect sizes for Aequitas varied more
substantially, with small effects for mental demand (r=0.00) and
effort (r=0.29), and large effects for other dimensions (r ranging
from 0.52 to 0.86). The significant increases in mental demand (+1.33
points) and effort (+1.83 points) suggest that while Aequitas effec-
tively promotes fairness, it does so by requiring additional cognitive
engagement from practitioners. These results suggest that while
Aequitas may enhance fairness-oriented decision-making, it also
imposes a higher cognitive load in specific areas. These results
indicate that the toolkit’s additional steps—such as configuring bias
audits and interpreting fairness metrics—required more cognitive
engagement than the Control or Prime conditions. We these find-
ings partially support H5: Prime does not increase cognitive load,
while Aequitas does increase cognitive load.

Three participants’ perceived experiences align with our findings
on cognitive load. Participants using Aequitas described a more
involved and demanding experience. P7 noted, “This tool increases
my ability of doing data science work but not a lot, but I do think it

almost mandatorily engaged myself on checking the fairness status,”

indicating increased effort and mental engagement. P1 echoed this,
saying, “Without Aequitas, I would feel reluctant to put so much effort
to manually implement and evaluate the fairness by my own.” These
comments suggest that while Aequitas was effective in promoting
fairness, it did so by increasing the cognitive demands of the task.

4.6 Summary of Results

We summarize the outcomes for the hypotheses in Figure 4. Our
results demonstrate that behavior change interventions can effec-
tively promote responsible data science practices, with technical
tools like Aequitas showing stronger impacts on fairness outcomes
than motivational priming alone. However, this effectiveness comes
with a cognitive cost, as the more effective intervention (Aequitas)
also imposed higher cognitive demands. Importantly, we found that
improving fairness did not necessarily require sacrificing model
performance. These findings suggest that intervention designers
should consider the balance between effectiveness and cognitive
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burden, potentially exploring hybrid approaches that combine mo-
tivational elements with streamlined technical capabilities.

5 Qualitative Findings
5.1 Methodology

To complement our quantitative findings, we conducted a qualita-
tive analysis of participant interviews to understand the mecha-
nisms through which behavior change interventions influence data
scientists’ practices and decision-making processes. This subsection
describes our approach and method to analyzing the qualitative
data collected during the study.

5.1.1 Quote Selection and Initial Coding. Our qualitative analysis
began with transcription of all interviews. We aimed to identify
valuable quotes that provided insights into participants’ experi-
ences, motivations, and behavioral changes. To develop our quote
selection criteria, we conducted an initial review of all interview
transcripts to understand the range and nature of participant re-
sponses. This preliminary analysis revealed that participants ex-
pressed diverse reactions to the interventions, including positive
impacts, challenges encountered, neutral observations, and criti-
cal reflections. Based on this review, we established inclusion and
exclusion criteria that would capture the breadth of participant
experiences while focusing on quotes that provided meaningful
insights into the mechanisms of behavior change.

Quotes were retained if they met one or more of the following
inclusion criteria:

(1) explicit reflection on how the intervention influenced their
approach, decision-making processes, or workflow compared
to their usual practices, regardless of whether the influence
was perceived as positive, negative, or mixed;

(2) concrete descriptions of specific behavioral changes or new
practices adopted during the study;

(3) insights into underlying motivational factors, cognitive pro-
cesses, or emotional responses triggered by the interven-
tions;

(4) direct comparisons between their control session experience
and treatment session experience, covering both improve-
ments and difficulties;

(5) expressions of future intentions to adopt responsible data
science practices or use fairness tools in their work, including
both enthusiasm or concerns for adoptions;

(6) articulation of new understanding or awareness about fair-
ness, bias, or responsible data science concepts.

This process resulted in 47 retained quotes from across the 12
participants, which were compiled in a structured spreadsheet for
further analysis. Each quote was attributed to its participant and
marked for use in the final analysis. This process ensured that we
captured the most meaningful and representative insights from par-
ticipants’ experiences while maintaining the richness and nuance
of their reflections.

5.1.2  Thematic Analysis and Clustering. Following the initial quote
selection, we conducted a thematic analysis[36] to identify recur-
ring patterns and group related insights into coherent themes. Us-
ing an iterative process, we conducted open coding on the selected
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Table 3: Comparison of NASA-TLX cognitive load dimensions across intervention conditions (Control vs. Prime vs. Aequitas)
using Wilcoxon signed-rank tests. We report the within-group average difference between control and treatment and indicate

significance as p-values < 0.05 with an asterisk*.

Session Mental Physical Temporal Performance Effort Frustration
Prime 0.17 0.83 0.83 0 0.33 0.33
Aequitas  1.33* 0.33* 0.5 1* 1.83" 0
Hypothesis Statistical Results Conclusion

H1: Responsible Behaviors.
Both interventions will promote responsible
behaviors, and Aequitas will outperform Prime.

Prime vs. Control: p < 0.01
Aequitas vs. Control: p < 0.01

v

H2: COM-B Factors.
Both interventions will primarily influence
"Motivation”.

Prime M > C: p=0.016
Prime M > 0: p=0.079
Aequitas M >C: p=0.078
Aequitas M > 0: p =0.078

Partially Supported

H3: Model Fairness.
Both interventions will improve fairness
metrics, and Aequitas will
outperform Prime.

Prime vs. Control: p = 0.108
Aequitas vs. Control: p < 0.01

Partially Supported

H4: Model Performance.
Neither intervention will
affect model accuracy.

Prime vs. Control: p = 0.58
Aequitas vs. Control: p=0.17

Non-significant
(underpowered)

H5: Cognitive Load.
Neither intervention will
increase cognitive load.

Prime: No significant differences.
Aequitas: Significant increases in
mental demand (p = 0.02),
physical demand (p = 0.02),
performance (p = 0.03),
and effort (p = 0.02)

Partially Supported

Figure 4: An overview of the outcomes for the 5 hypotheses we proposed, detailed statistical results and interpretations can be

found in section 4.

quotes to identify preliminary concepts and patterns, then grouped
similar quotes and concepts into clusters based on shared character-
istics. We developed higher-level themes that captured the essence
of each cluster and refined theme definitions through discussion
and consensus between researchers. Finally, we validated themes
by ensuring each theme is supported by multiple participant quotes
and represents insights that emerged consistently across different
participants and intervention conditions.

The final themes were selected based on their prevalence across
participants, their relevance to understanding behavior change
mechanisms, and their potential to inform future intervention de-
sign. This qualitative analysis approach allowed us to uncover nu-
anced insights into how behavior change interventions operate in
practice, providing depth and context to complement our quantita-
tive findings about intervention effectiveness. We ended up having
five primary themes that extended beyond our hypothesis-driven
quantitative analysis: (I) Foster Empathy, (I) Visualize Fairness
for Understanding and Action, (III) Expand From the Focus of Tra-
ditional Metrics, (IV) Integrate into Existing DS Workflows, and
(V) Boost Intrinsic Motivation. Each theme emerged organically

from the data and represented consistent patterns observed across
multiple participants and intervention conditions.

5.2 Theme I: Foster Empathy

A striking finding that emerged from our interviews was how per-
sonal connection to fairness issues significantly influenced partici-
pants’ engagement with responsible practices. This was particularly
evident among female participants who could directly relate to the
scenarios presented in the interventions. As P3 reflected, "I can to-
tally relate to the situation (female applicants being unfairly treated
by DS models) as a female," while P6 similarly noted, "As a female,
I can relate to that".."It made me be aware of the disadvantage
my gender is suffering (from), so I paid more attention to the fair-
ness here." This personal connection appeared to motivate more
thorough engagement with fairness considerations, as evidenced
by P6’s follow-up action: "Due to the Prime, I would spend more
effort to try to learn a more unbiased model" P3 elaborated on this
motivation, stating "After reading the Prime, I realized the model
is actually made to (...) change people’s life, so I would pay extra
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attention [to] making any data cleaning or model development
choices." This finding suggests that future behavior change inter-
ventions could be more effective by incorporating personalized
scenarios and real-world examples that help practitioners connect
emotionally with the potential impacts of their work, particularly
by highlighting experiences of affected groups that resonate with
practitioners’ own identities or lived experiences.

5.3 Theme II: Visualize Fairness for
Understanding and Action

The visual representation of fairness metrics emerged as a cru-
cial factor in helping participants understand and address bias.
This theme was naturally prominent among Aequitas users, who
frequently mentioned how visualization transformed their under-
standing of model bias. P8 noted, "It gives the awareness of model
bias for the first time, and I can visually see how biased my model
outcome is using this tool," while P12 similarly reflected, "After I
can visually see bias of my model towards a feature, it made me
more concerned and careful about bias that can be introduced in
my model." The visual feedback appeared to facilitate iterative im-
provement in model development, as P9 described: "When I have
this tool, I can visualize the results and see if the model meets
the (fairness) need or not," and P10 confirmed: "The visualization
gives convenience for me to understand how biased my model is."
These insights indicate that future behavior change interventions
could further explore visual representations of fairness metrics and
bias indicators, as visualization appears to be a powerful tool for
making abstract fairness concepts more concrete and actionable in
practitioners’ workflows.

5.4 Theme III: Expand from the Focus of
Traditional Metrics

Our analysis revealed a significant shift in how participants ap-
proached model evaluation, moving beyond traditional performance
metrics to incorporate fairness considerations. P7 acknowledged
this transformation, stating "In data science practices, we mainly
rely on the traditional metrics (accuracy) to evaluate the model,
and tend to ignore the fairness issues.” P8 echoed this sentiment,
noting "Without Aequitas, my approach to this problem would be
quite different. Normally I would not take fairness into my con-
sideration, I only care about accuracy and F-1." This evolution in
thinking was also reflected in P9’s comment: "Previously, I just tried
different models and (saw) if they are good (in terms of accuracy)
and then delivered to the customers." This theme reinforces the
goal that behavior change interventions can be designed to explic-
itly challenge and expand traditional evaluation frameworks, by
integrating fairness metrics alongside conventional performance
metrics in standard evaluation dashboards and workflows.

5.5 Theme IV: Integrate into Existing DS
Workflows

Participants consistently expressed strong intentions to incorpo-
rate fairness considerations into their future work, suggesting the
potential for longer-term impacts of the interventions. P8 stated, "I
want to apply Aequitas in my future ML practices especially within
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contexts that come with real-world impact," while P10 similarly
affirmed, "I will use this tool in my future projects." The perceived
ease of integration appeared to be a crucial factor in these inten-
tions, as P7 observed, "Aequitas seems very easy to be adapted to
different usage scenarios; I would be very willing to incorporate it
to my fairness-sensitive usage cases in the future! P11 specifically
highlighted potential applications: "I think this tool should be used
by banks when they develop loan prediction or fraud detection
models." These findings highlight the importance of designing be-
havior change interventions that seamlessly integrate into existing
workflows and tools. It suggests that future interventions should
prioritize compatibility with common data science platforms and
frameworks to facilitate long-term adoption.

5.6 Theme V: Boost Intrinsic Motivation

The interventions appeared to significantly influence participants’
motivation to invest additional effort in ensuring model fairness.
P1 noted, "It definitely motivates me to explore more about what’s
going on with this bias," and elaborated that this motivation led to
concrete actions: "Potentially that (reading the Prime) is why I used
multiple models and dove deeper into one model to conduct param-
eter tuning to refine the results." P2 similarly reported, "I definitely
put more effort within this study to ensure fairness (after reading
the Prime)." This increased motivation often translated into more
comprehensive model development approaches, as P6 described:
"These efforts include trying out different models and searching for
tunable hyperparameters. Additionally, by tuning some hyperpa-
rameters, I was able to reduce the bias of the model but with a little
sacrifice of model performance.” One thing we can learn from this
theme is that behavior change interventions should be designed
not just to provide tools or guidelines, but to also consider actively
cultivating intrinsic motivation by demonstrating the meaningful
impact and professional value of responsible practices.

These qualitative findings complement our quantitative results
by illuminating the psychological and practical mechanisms through
which behavior change interventions influence data science prac-
tices. They suggest that effective interventions should consider
personal connection, visual feedback, evolution of evaluation cri-
teria, and motivation as key elements in promoting responsible
data science practices. Furthermore, these findings highlight the
importance of supporting data scientists in navigating the com-
plex trade-offs inherent in responsible data science practice while
maintaining their engagement and motivation.

6 Discussion and Future Work

Our findings provide valuable insights into the efficacy of behavior
change interventions (BCIs) in promoting responsible data science
(RDS) practices. By evaluating Prime (motivational priming) and
Aequitas (fairness toolkit), we identified distinct ways in which
these interventions influence fairness-oriented decision-making
and practitioner behavior. This section discusses the broader impli-
cations of these findings, the trade-offs involved, and directions for
future research.
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Designing More Relatable Interventions: Our study highlights
the role that motivation can play in fostering responsible data sci-
ence practices. The Prime intervention, which framed fairness as
a tangible and urgent issue, significantly influenced participants’
motivation to adopt responsible behaviors. Interestingly, three fe-
male participants in the Prime group explicitly mentioned that they
could relate to the disadvantaged groups described in the task. P3 re-
flected: ‘T can totally relate to the situation [female applicants unfairly
treated by loan approval models] as a female." This suggests that
interventions leveraging lived experiences or empathy may be par-
ticularly effective in motivating ethical decision-making, especially
when practitioners identify with the affected groups. However,
while motivational priming raised awareness, its impact on fairness
metrics (H3) was not statistically significant. This underscores a
key challenge: motivation alone may not suffice to translate ethical
intentions into actionable outcomes without complementary tools
or guidance.

Therefore, we need to move beyond motivation-only approaches
toward comprehensive intervention strategies that address the full
spectrum of behavioral change factors. Our findings suggest sev-
eral directions for strengthening and complementing motivational
interventions in the broader RDS field. First, hybrid interventions
that combine motivational framing with embedded technical ca-
pabilities could optimize both engagement and effectiveness—for
example, integrating empathy-building scenarios directly within
fairness auditing tools. Second, organizational scaffolding is cru-
cial, as individual motivation must be supported by institutional
incentives, performance metrics that value fairness outcomes, and
dedicated time allocation for responsible practices. Finally, the RDS
field needs to explore adaptive intervention systems that can per-
sonalize motivational content based on practitioners’ backgrounds,
experiences, and the specific contexts in which they work. These
directions acknowledge that sustainable behavior change requires
not just individual motivation, but systemic support structures
that make responsible practices both personally meaningful and
professionally viable.

Designing Cognitively Efficient Interventions: The Aequitas
intervention demonstrated superior results in promoting respon-
sible behaviors (H1) and improving fairness metrics (H3), but it
also introduced a higher cognitive load (H5). Participants reported
increased mental demand and effort when using the toolkit, as
it required additional steps for bias auditing and fairness correc-
tions. For example, P7 remarked, “Tt [Aequitas] is like a forcing
function to let me revisit my model development to check and re-
fine my model deployment.” Rather than viewing this trade-off as
inevitable, we propose two concrete strategies for designing cog-
nitively efficient interventions that maintain effectiveness while
balancing cognitive load. Progressive fairness workflows could break
complex auditing into smaller, manageable steps integrated with
existing model development phases. Instead of a comprehensive
post-hoc analysis, the tool could prompt simple fairness checks at
natural breakpoints: data exploration ("Check for representation
gaps"), feature engineering ("Identify potentially problematic cor-
relations"), and model evaluation ("Assess prediction disparities").
Each step would require minimal additional effort while building
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toward a comprehensive fairness assessment. Secondly, collabora-
tive fairness dashboards could distribute cognitive load across team
members, allowing domain experts to focus on bias interpretation
while technical practitioners handle implementation. These design
principles acknowledge that sustainable adoption requires tools
that enhance rather than complicate existing data science work-
flows, making responsible practices feel like natural extensions of
balanced technical practice rather than additional burdens.

Weighing Costs and Benefits: Our results suggest that more
demanding interventions like Aequitas may be warranted in high-
stakes decision contexts (healthcare, lending, criminal justice), when
fairness outcomes significantly impact vulnerable populations, or
when organizational incentives explicitly value equitable practices.
The cognitive burden becomes more acceptable when practitioners
personally connect with fairness concerns—as demonstrated by par-
ticipants who identified with disadvantaged groups. However, this
tradeoff may be optimized through strategic application: employing
high-effort interventions during critical development phases while
using lightweight approaches for routine workflows. Future inter-
vention designs could address this tension by automating repetitive
fairness checks while preserving meaningful human judgment for
complex ethical decisions.

Ecological Validity: This study employs a controlled experimen-
tal design to isolate the causal effects of specific interventions on
practitioner behavior—a necessary first step in understanding be-
havior change mechanisms. While this approach enables rigorous
comparison of intervention types, it necessarily involves tradeoffs
with ecological validity: participants worked on well-defined tasks
without the competing organizational pressures, career incentives,
and time constraints that characterize real-world data science prac-
tice. Controlled studies allow us to establish whether interventions
can influence behavior under ideal conditions, providing an upper
bound on effectiveness and revealing mechanisms that may be ob-
scured in field settings where multiple confounding factors operate
simultaneously. Our findings demonstrate the potential efficacy
of these intervention approaches, with the limitation that effect
sizes may be attenuated in practice where fairness concerns must
compete with other priorities. Future work should complement
these controlled findings with field studies examining intervention
adoption in authentic organizational contexts.

Future Work: Future research should extend beyond our current
findings on intervention efficacy evaluation. Future work should
explore longitudinal studies to assess the sustainability of behavior
change interventions outside controlled environments. Key ques-
tions include: (1). How do workplace culture and time constraints
affect the long-term adoption of tools like Aequitas? (2). Can mo-
tivational priming remain effective when ethical considerations
compete with other priorities, such as model performance or dead-
lines? Additionally, investigating hybrid interventions—combining
motivational framing with lightweight, embedded tooling—could
optimize both motivation and usability. For example, integrating
fairness alerts into existing data science platforms (e.g., Jupyter
notebooks) might reduce cognitive load while maintaining ethi-
cal engagement. Lastly, expanding the scope of BCIs to include
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organizational incentives (e.g., tying fairness metrics to perfor-
mance evaluations) could address systemic barriers identified in
prior work[21].

Furthermore, an important consideration when interpreting our
cognitive load findings is the distinction between different types of
cognitive burden. The increased mental demand and effort observed
with Aequitas could stem from two separate sources: (1) the inher-
ent complexity of grappling with fairness concepts in data science
work, or (2) the specific interface and workflow demands of the
Aequitas tool itself. Cognitive load theory distinguishes between
intrinsic cognitive load (essential to the task), extraneous cognitive
load (imposed by the instructional design), and germane cognitive
load (related to schema construction) [35]. Future work should aim
to disentangle these factors to determine whether the observed
load increase represents necessary engagement with fairness con-
cepts (intrinsic/germane) or tool-specific complexity that could be
optimized (extraneous). Such distinctions would help develop in-
terventions that maximize meaningful cognitive engagement with
fairness while minimizing unnecessary workflow friction.

7 Limitations

Our study offers valuable insights into behavior change interven-
tions for responsible data science, but several limitations should
be acknowledged. First, we opted for a 4 point likert scale for H2
(ranging from -2 to 2, without a neutral option) which may have
confused participants who perceived a neutral impact and thus com-
promised the reliability of the COM-B factor measurement (H2).
Furthermore, To assess H5, cognitive load was measured using the
NASA-TLX on a 7-point scale (0 = low demand to 7 = high demand)
rather than the standard 20-point scale. Due to this non-standard
scaling approach, we standardized responses before analysis and
focused on within-subjects comparative analysis rather than ab-
solute values, which allows for valid internal comparisons while
potentially limiting direct comparison with studies using the tra-
ditional scale. Second, our sample size of 12 data scientists, while
providing rich qualitative insights, limits the statistical power of
our analysis. Future work should scale these evaluations with larger,
more diverse participant pools across different organizational con-
texts. Third, the controlled laboratory setting of our experiment
may not fully capture the complexities of real-world data science
workflows, where organizational priorities, time constraints, and
collaborative dynamics influence decision-making. The ecological
validity of our findings would be strengthened through longitudinal
field studies examining intervention adoption in authentic work-
place environments. Fourth, our evaluation focused on two specific
datasets (German Credit and Census Income) which may not repre-
sent the full spectrum of fairness challenges encountered in practice.
Different domains and data types might introduce unique consider-
ations that our current interventions do not address. Moreover, our
within-subjects design may introduce potential learning effects that
operate through multiple mechanisms. While we counterbalanced
which dataset participants encountered first (Credit vs. Census), all
participants completed the Control condition in their first session
and the intervention condition in their second session. Participants’
second session (intervention condition) may have benefited from
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practice with the study format despite the 24-hour separation and
different datasets. This learning effect encompasses both general
procedural familiarity and potential cross-task transfer between
datasets, regardless of which specific intervention they received in
their second session. This may cause our cognitive load findings
(H5) to underestimate the true cognitive demands of interventions,
particularly for Aequitas, as participants may have developed more
efficient workflows by their second session. Future studies should
employ fully counterbalanced designs that control for both dataset
order and intervention order to explicitly measure and separate
these learning effects. Finally, we evaluated behavioral changes and
outcome improvements in a single session, which cannot capture
the long-term sustainability of these effects. Future research should
employ fully counterbalanced designs to examine whether the ob-
served behavior changes persist over time and how they evolve
as practitioners gain familiarity with interventions like Aequitas.
While our upper-bound framing combined with limited sample size
results in wide confidence intervals, this study establishes proof
of concept that behavior change interventions can influence RDS
practices—a necessary foundation for larger-scale studies. The large
effect sizes observed suggest effects substantial enough to warrant
further investigation despite interval width. We view this work as
foundational evidence justifying investment in larger validation
studies rather than definitive claims about real-world effectiveness.

8 Conclusion

Despite growing awareness of algorithmic harms, responsible data
science practices remain inadequately adopted in practice. This
study systematically evaluates behavior change interventions to
bridge the gap between ethical principles and practitioner behav-
iors. In this paper, we conducted a study with 12 data scientists.
We evaluated two behavior change interventions (BCIs)—Prime
(motivational priming) and Aequitas (fairness toolkit)—to bridge
the gap between ethical principles and responsible practice. We
found that both interventions increased responsible behaviors, with
Aequitas significantly improving fairness metrics (though at higher
cognitive load) and Prime boosting motivation without compro-
mising accuracy and cognitive load. The interventions were par-
ticularly effective when participants could personally relate to the
fairness scenarios, suggesting that empathy plays a role in ethical
decision-making. Importantly, our findings challenge the common
assumption that fairness necessarily comes at the cost of model
performance. These results highlight the need for balanced BCIs
that combine technical tooling with motivational support to foster
sustainable responsible data science. Future work should explore
hybrid approaches that mitigate cognitive load while maintaining
ethical engagement, as well as longitudinal adoption in real-world
workflows where competing priorities exist. Critically, the field
needs comprehensive intervention ecosystems beyond tools like
Aequitas to address the entire data science pipeline, ensuring re-
sponsible practices become embedded across all phases of model
development.
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