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Abstract

As Artificial Intelligence (AI) becomes increasingly inte-
grated into high-stakes domains like healthcare, effective col-
laboration between healthcare experts and Al systems is crit-
ical. Data-centric steering, which involves fine-tuning predic-
tion models by improving training data quality, plays a key
role in this process. However, little research has explored
how varying levels of user control affect healthcare experts
during data-centric steering. We address this gap by exam-
ining manual and automated steering approaches through a
between-subjects, mixed-methods user study with 74 health-
care experts. Our findings show that manual steering, which
grants direct control over training data, significantly improves
model performance while maintaining trust and system un-
derstandability. Based on these findings, we propose design
implications for a hybrid steering system that combines man-
ual and automated approaches to increase user involvement
during human-AlI collaboration.

Introduction

While Artificial Intelligence (AI) and Machine Learning
(ML) have shown significant impact across various appli-
cations, high-performing prediction models alone are in-
sufficient for effective human-Al collaboration (Rezwana
and Maher 2022; Cai et al. 2019). Successful collabora-
tion depends on factors beyond model performance, such
as user understanding of the system’s purpose and its ad-
vantages over existing methods (Cai et al. 2019). Limited
user control over data instances and the lack of standard-
ised guidelines for incorporating user feedback have fur-
ther hindered human-AlI collaboration (Wondimu, Buche,
and Visser 2022). Although prior work has emphasised the
need for better integration of end-user feedback (Chen et al.
2023), the role of user control in these interactions remains
a debated topic (Zha et al. 2023; Konig 2022). Addressing
these gaps is critical for advancing human-centred Al sys-
tems, especially for high-stake domains, such as healthcare.

To facilitate human-AlI collaboration in healthcare, prior
research highlights the benefits of involving healthcare ex-
perts in fine-tuning training datasets to improve prediction
models (Bhattacharya et al. 2024b,a; Teso et al. 2022). We
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refer such an approach as data-centric steering as these ap-
proaches of finetuning prediction models with user feed-
back are also aligned with the principles of data-centric Al
(Mazumder et al. 2023; Zha et al. 2023). Moreover, health-
care experts’ domain knowledge is particularly valuable
for identifying biases and limitations in training datasets,
such as those found in patients’ medical records, which
could otherwise impact model performance (Bhattacharya
et al. 2024a). Addressing these issues effectively has been
shown to significantly improve prediction accuracy and fair-
ness (Bhattacharya et al. 2024a; Feuerriegel, Dolata, and
Schwabe 2020).

Despite its importance, little research has explored how
varying levels of user control during data-centric steering
influence model outcomes and collaboration with health-
care experts. This study addresses this gap by presenting
two data-centric steering approaches: (1) manual steering
and (2) automated steering, which healthcare experts can
use for finetuning training datasets. Manual steering grants
healthcare experts direct control over training data, enabling
them to retain essential data points and predictor variables
while removing problematic, corrupt, or irrelevant ones. In
contrast, automated steering provides no direct control over
the data but uses automated correction algorithms to identify
and resolve potential data issues. In automated steering, ex-
perts can review these corrections and select methods with a
single action, ensuring their consent.

We conducted a mixed-methods user study with 74
healthcare experts to examine the benefits and challenges
of granting greater user control during data-centric steer-
ing through an interactive ML system. The process flow of
the system is illustrated in Figure 1. Through the mixed-
methods user study, we aimed to address two key research
questions:

RQ1. What is the impact of involving healthcare experts in
manual and automated steering on model improvement?

RQ2. How do manual and automated steering influence
trust and system understandability for healthcare ex-
perts?

By focusing on these questions, we sought to explore
the interplay between user control, model performance, and
the collaborative dynamics of human-Al systems in health-
care. Considering the findings of this user study, our work
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Figure 1: Process flow for our healthcare-focused data-centric steering system. (1) The system consists of a multifaceted expla-
nation dashboard which combines data-centric and model-centric explanations for explaining the working of prediction models.
(2) These explanations can facilitate healthcare experts to share their domain knowledge in modifying the training data for better
model performance through manual and automated steering. (3) Prediction models can be re-trained using manual and auto-
mated steering on the configured training data. (4) After the prediction model is re-trained, the explanations are regenerated on

the updated model and configured training data.

has three main contributions relevant to the field of human-
centred Al:

1. Empirical Contributions: Our user study revealed that
healthcare experts achieved higher prediction accuracy
with manual steering, demonstrating its greater effec-
tiveness. Despite the additional effort required during
manual steering, it did not adversely affect user trust
or system understandability. These findings highlight the
potential benefits and trade-offs of empowering health-
care experts with greater control during steering, offering
valuable insights into the design of such systems.

2. Artifact Contributions: We designed and developed a
data-centric steering system that enables healthcare ex-
perts to apply their prior knowledge and configure the
training dataset through manual or automated steering
methods. The design, source code and technical archi-
tecture of our system are open-sourced on GitHub'.

3. Theoretical Contributions: Our work presents a set of
generic design implications for including healthcare ex-
perts in data-centric steering through manual and auto-
mated approaches. Additionally, these design implica-
tions can be extended to other application domains.

Background and Related Work
Data-Centric Steering

Historically, research in AI/ML has primarily focused
on improving models rather than the quality of training
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datasets (Mazumder et al. 2023). While user-in-the-loop
methods have been proposed to steer prediction models by
adjusting algorithms, parameters and hyperparameters (Teso
et al. 2022; Kulesza et al. 2015; Settles 2011; Cakmak and
Thomaz 2011; Kulesza et al. 2010), these model-centric ap-
proaches face inherent limitations due to issues in the train-
ing data (Zha et al. 2023; Mazumder et al. 2023). Such steer-
ing approaches often lead to biased and inaccurate mod-
els mainly because of poor data quality (Bhattacharya et al.
2024a,b; Mehrabi et al. 2021). Recently, the growing recog-
nition of the importance of data quality in Al systems has
shifted attention toward Data-Centric AI (DCAI) (Zha et al.
2023; Mazumder et al. 2023), driving the development of
methods to improve data quality to address issues due to bi-
ased, inaccurate and irrelevant predictions.

Feature selection (Li et al. 2017) is one such method
utilised for preparing concise training data by selecting only
important predictor variables instead of all the available vari-
ables. Data slicing is another method where a systematic ap-
proach is adopted to take a smaller segment of the data in-
stead of the entire data (Zhang 2016). This method is par-
ticularly useful when the predictor variable has high out-
liers and skewed data distribution. Other methods include
quality assessments (Sadiq et al. 2018) and quality improve-
ments (Baylor et al. 2017). Quality assessments and im-
provement methods involve the detection and correction of
common data issues like duplicate records, anomaly data
points, correlated features, missing values, data drift detec-
tion, biased data, class imbalance and etc (Lones 2023; Ack-
erman et al. 2022; Kazerouni et al. 2020; Sadiq et al. 2018;
Baylor et al. 2017). Despite differing sub-goals, these meth-
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the issue and how its correction can impact the model performance.

ods share a common objective: improving training data qual-
ity for better prediction models (Zha et al. 2023).

To implement various DCAI methods for model steer-
ing, researchers have primarily relied on two approaches:
(1) automation and (2) manual user collaboration (Zha
et al. 2023). Automated algorithms are essential for han-
dling the ever-growing volume of data in ML systems. For
instance, data generation methods like Random Oversam-
pling (Menardi and Torelli 2012), SMOTE (Chawla et al.
2002), and ADASYN (He et al. 2008) address class imbal-
ance by generating synthetic samples for underrepresented
categories. Similarly, automated algorithms can detect out-
liers, handle missing values, remove correlated features and
duplicate records (Zha et al. 2023). Automation offer sig-
nificant advantages, including reduced human error, im-
proved efficiency, higher accuracy, and better reproducibil-

447

ity (Mazumder et al. 2023).

However, manual user involvement is critical in tasks
where human expertise ensures the alignment of training
data with domain-specific expectations (Zha et al. 2023).
For example, manual efforts are vital for tasks like label-
ing (Zhang et al. 2022) and filtering data to remove noise
or biases (Zha et al. 2023; Zhang 2016). Moreover, these
manual and automated approaches are primarily designed
for technical Al experts. Acknowledging the importance of
involving domain experts with little to no Al knowledge in
the Al solution pipeline (Bhattacharya et al. 2024a) and to
examine the relative strengths of automated and manual ap-
proaches in improving training data quality, we conducted
experiments comparing both methods with healthcare ex-
perts.
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Figure 4: Screenshot of the explanation dashboard that includes the following visual components: Top Decision Rules (TDR),
Key Insights (KI), Important Risk Factors (IRF), Data Quality (DQ) and Data Density Distribution (DDD).

Explainable AI Methods

To effectively involve healthcare experts in the process of
training, debugging and finetuning ML models, prior work
has shown the importance of including Explainable Al
(XAI) methods (Bhattacharya et al. 2024b, 2023; Lakkaraju
et al. 2022; Adadi and Berrada 2018). Besides increasing the
transparency of “black-box” algorithms, explanations can
increase the understandability and trustworthiness of ML
systems (Miller 2017; Liao et al. 2022; Bhattacharya et al.
2023).

Researchers have categorised explanation methods as
model-centric or data-centric, based on the components of
an ML system they address (Bhattacharya 2022). Model-
centric approaches focus on evaluating the importance of
parameters and hyperparameters within ML models, such
as the SHAP-based feature importance method (Adadi and
Berrada 2018; Lundberg and Lee 2017). In contrast, data-
centric explanation methods analyse patterns in the train-
ing data to justify model predictions (Anik and Bunt 2021).
These methods can summarise data patterns, detect biases
and inconsistencies, and explain how issues like data drifts,
adversarial attacks, or corrupted features affect model per-
formance (Anik and Bunt 2021; Bhattacharya et al. 2023;
Bhattacharya 2022).

While both approaches offer unique advantages and lim-
itations, recent studies highlight that combining model-
centric and data-centric explanations can provide more com-
prehensive and effective insights (Bhattacharya et al. 2024b;
DemSar, Bosnic, and Kononenko 2019). In our steering ap-
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proach, we incorporated both types of explanations in a
dashboard to support healthcare experts.

Steering System

System Description: Our data-centric steering system in-
cludes an explanation dashboard and a configuration page,
enabling users to engage in either manual or automated
steering (Figures 2 and 3 respectively), but not both simul-
taneously. It is designed specifically to support healthcare
experts, such as doctors and nurses, in steering a diabetes
prediction model for early detection of type 2 diabetes.

The design of the explanation dashboard (as shown in
fig.4) was inspired by the work of Bhattacharya et al., who
proposed integrating model-centric and data-centric expla-
nations to improve user guidance in steering models. In line
with their framework, the dashboard incorporates several vi-
sual components to improve user understanding. These in-
clude Top Decision Rules (TDR), which present decision
rules generated by surrogate explainers; Key Insights (K1),
which provide descriptive statistics from the training data;
Important Risk Factors (IRF), which highlight feature im-
portance using SHAP values; Data Quality (DQ), which
summarises the estimated quality of the training dataset;
and Data Density Distribution (DDD), which illustrates the
frequency distributions of predictor variables to offer an
overview of the dataset’s characteristics. These elements
collectively assist domain experts (like healthcare experts)
in understanding and steering prediction systems.

Prediction Model and Dataset: The diabetes predic-



tion model was developed using LightGBM algorithm (Ke
et al. 2017), which was trained a type-2 diabetes detection
dataset (Smith et al. 1988). This dataset comprises medical
records of female patients and includes critical health in-
formation such as plasma glucose levels, body mass index,
blood pressure, insulin levels, age, number of pregnancies,
skinfold thickness, and pedigree function indicating the pa-
tient’s family history of diabetes. A detailed data description
and the various experiments conducted to train the predic-
tion model are available in the supplementary material.

We selected this dataset for our experiments due to inher-
ent data issues, including class imbalance (with significantly
more non-diabetic than diabetic patients), numerous zero-
values in predictor variables, and skewed data distributions.
These characteristics made it ideal for investigating whether
healthcare experts could identify and correct such issues to
improve prediction models. Additionally, we avoided overly
complex health datasets that could hinder system uderstand-
ability and participant recruitment.

Mixed-methods User Study
Study Details

We conducted a mixed-methods between-subjects user study
with 74 healthcare experts to compare manual and auto-
mated steering approaches. Participants were recruited from
Prolific. On average, participants took 40 minutes to com-
plete the study and were compensated at an hourly rate of
$15 for their time. We have obtained the ethical approval
for this study from KU Leuven with the approval number
G-2021-4074.

The study included registered and in-training healthcare
experts such as doctors, nurses, and paramedics, all of whom
had prior experience in treating and caring for diabetic pa-
tients. Participants also self-reported familiarity with the
predictor variables in the dataset and their relevance for pre-
dicting type 2 diabetes. To ensure balanced group assign-
ment, participants were randomly divided into the manual
and the automated steering groups, with 37 participants in
each. Demographic information for each group is detailed
in Table 1.

Manual Group
NO. OF PARTICIPANTS 37 37

Automated Group

AGE GROUPS 20-29 years : 29 20 —29 years: 31
30 -39 years: 4 30 -39 years: 5
40 — 49 years: 4 40 — 49 years: 1
GENDER Male : 19 Male : 16
Female : 18 Female : 21
EDUCATION LEVEL Bachelor: 22 Bachelor: 28
Master: 13 Master: 7
Doctorate: 2 Doctorate: 2
HEALTHCARE EXPERIENCE <1 year: 2 <1 year:2
1-3years: 13 1-3years: 15
3 -5 years: 11 3 -5 years: 10
>5 years: 11 >10 years: 10

Table 1: Participant information for the mixed-methods user
study.
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Procedure

Participants were provided with detailed instructions outlin-
ing the study’s objectives, their roles, responsibilities, and
rights. After obtaining informed consent and collecting de-
mographic information, we introduced the prototype using
tutorial videos. These videos explained the usage scenario
and provided an overview of the prediction model, explana-
tion dashboard, and the steering mechanism assigned to each
participant. The overall study flow is illustrated in Figure 5.

Following the tutorials, participants completed pre-task
assessments, including objective understanding questions
and perceived understandability and trust questionnaires.
During this phase, they had full access to the explanation
dashboard and their assigned steering method to assist in
answering the questions. This step established a baseline for
measuring how the steering process influenced their under-
standing and trust across the manual and automated groups.

Participants then completed a data-centric steering task
using their assigned approach. Each participant had 10 min-
utes to modify the training data and retrain the prediction
model, with the ability to configure the data multiple times
to maximise model accuracy.

After the steering task, participants completed a post-task
questionnaire to evaluate changes in their objective under-
standing, perceived understandability, and trust in the sys-
tem. The post-task assessment also included open-ended
questions to gather qualitative feedback on their experience.
The system evaluation measures recorded during the study
are elaborated in the next section.

Evaluation Measures

To address our research questions, we collected the follow-
ing evaluation measures in our user study. The complete
study questionnaires are available in the supplementary ma-
terial.

Objective Understanding: We evaluated participants’ un-
derstanding of the system by measuring their objective men-
tal model scores (objective understanding) before and after
the steering task. This metric assessed participants’ ability
to identify key attributes driving the system’s actions and
predict outcomes based on changing conditions, following
methods outlined by prior studies (Weld and Bansal 2018;
Kulesza et al. 2015; Bhattacharya et al. 2024b; Cheng et al.
2019).

Perceived Understandability: In addition to objective un-
derstanding, we assessed participants’ self-reported per-
ceived understandability, or their confidence in predicting
system behaviour, understanding its decision-making sup-
port, and using it effectively without detailed knowledge of
its mechanisms (Hoffman et al. 2019). This was measured
using a questionnaire from Hoffman et al., recorded both
before and after the steering process.

Perceived Trust: Perceived trust, or participants’ confi-
dence in relying on the system, was evaluated using the trust
scale from Jian, Bisantz, and Drury, recorded before and af-
ter the steering task to observe any changes.

Post-Steering Model Accuracy: We measured the updated
prediction model accuracy after participants engaged in the
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Figure 5: User study flow: this diagram illustrates the overall flow of our mixed-methods user study.

steering process, similar to Bhattacharya et al., to evaluate
whether one group achieved better prediction accuracy im-
provements.

Interaction Data: System interaction data, such as mouse
clicks, hover time, and model retraining attempts, were
tracked to measure effectiveness and efficiency of manual
and automated steering approaches, as per Verbert, Parra,
and Brusilovsky. Effectiveness was calculated as the ratio of
successful configurations (those that improved accuracy) to
total configurations attempted, while efficiency was the ratio
of total hover time to successful configurations.

Qualitative Feedback: Participants provided qualitative
insights into their perceptions of understandability and trust
in the system, which were used to identify qualitative factors
influencing these perceptions.

Data Analysis

As the quantitative data in our study did not meet nor-
mality assumptions, we employed the Mann-Whitney U-
test to evaluate statistical significance between groups for
the evaluation measures (McCrum-Gardner 2008). To as-
sess changes in user understanding and trust before and
after the steering task within a particular approach, we
used Wilcoxon’s signed rank test (McCrum-Gardner 2008).
Additionally, Spearman’s correlation coefficient (McCrum-
Gardner 2008) was calculated to examine relationships be-
tween various measures, such as perceived trust, perceived
understandability, objective understanding, and post-task
prediction accuracy for each group. For qualitative data, we
conducted thematic analysis following the approach pro-
posed by Braun and Clarke to extract key themes from par-
ticipant responses. To facilitate comparisons between man-
ual and automated steering approaches, we used a range
of plots and graphical visualisations to illustrate differences
across the evaluation measures.

Results

What is the impact of involving healthcare experts
in manual and automated steering on model
improvement? (RQ1)

The Mann-Whitney U-test revealed that the manual steer-
ing group significantly outperformed the automated group
in improving prediction accuracy (U = 1054.0,p < .001).
Specifically, 84% of participants using manual steering

achieved higher prediction accuracy than the default, com-
pared to 67% of those using automated steering. From the
system interaction data, manual steering required notably
more effort in terms of click counts (U = 1073.0,p < .001).
However, differences in average mouse hover time (U =
706.0, p = .41) and the number of model retraining attempts
(U = 734.0,p = .296) were not statistically significant. In
terms of effectiveness, the manual group achieved a signifi-
cantly higher score (0.71) compared to the automated group
(0.51, U = 918.0,p = .005). Conversely, for efficiency, the
difference between the groups was not statistically signifi-
cant (U = 480.0,p = .27). Boxed-violin plots and box-plots
in Figure 6 illustrate the variations between the two groups
across these measures, providing insight into RQ1.

How do manual and automated steering influence
trust and system understandability for healthcare
experts? (RQ2)

The change in perceived trust between the manual and au-
tomated groups was not statistically significant, as indicated
by the Mann-Whitney U-test (U = 672.0,p = .896). Both
groups showed a slight increase in perceived trust after com-
pleting the steering task. However, the Wilcoxon signed rank
test revealed no significant change in perceived trust from
pre-task to post-task for either the manual (W = 220.0,p =
.79) or automated (W = 192.0,p = .40) groups. Addi-
tionally, no significant correlation was found between post-
task prediction accuracy and perceived trust for either group
(manual: r = 0.21, p = .20; automated: r = 0.05, p = .68).
Despite the manual group achieving higher model perfor-
mance, their perceived trust levels were comparable to those
of the automated group. Therefore, we conclude that the
level of user control in model steering does not significantly
affect perceived trust in the Al system.

The change in perceived understandability between the
manual and automated groups was not statistically sig-
nificant, as shown by the Mann-Whitney U-test (U =
263.0,p = .09). However, the automated steering group
showed a greater average increase in perceived understand-
ability (approximately 5%) compared to the manual group.
Despite this, the increase in perceived understandability for
the automated group was not statistically significant, as in-
dicated by the Wilcoxon signed rank test (W = 153.5,p =
.103). Similar to perceived trust and understandability, the
Mann-Whitney U-test showed no significant difference in
the change in objective understanding between the manual
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and automated groups (U = 646.5,p .68). However,
the Wilcoxon signed rank test revealed a significant increase
in objective understanding for the manual steering group
(W = 190.5,p = .019). In contrast, the increase in objec-
tive understanding for the automated group was not statisti-
cally significant (W = 263.0,p = .093). Figure 7 presents
box plots comparing the before and after scores of trust and
understandability for both groups.

The results indicate that participants in both the manual
and automated steering groups had similar levels of trust and
understanding. To further explore the impact of control on
trust and understandability, we analysed our qualitative data.
Thematic analysis revealed key themes that offered deeper
insights into how various factors in the steering process in-
fluenced user trust and understandability.

Control is important, yet too much control is concern-
ing: Both groups valued the ability to configure the train-
ing data, which enhanced their trust in the model’s re-
sults. While most manual steering participants gained trust
through hands-on adjustments, some expressed concerns
about maintaining data integrity. One participant noted:
“There is too much risk involved when dealing with medi-
cal data directly. Incorrect changes can be too risky.” How-
ever, manual steering also helped participants better under-
stand how changes to variables influenced predictions: “Af-
ter playing around with the configurations, I have a better
understanding of the predictions.”

Explanations about data quality and data issues in-
crease trust and reliability: Both groups emphasised the im-
portance of high-quality data for accurate predictions. Trust
in the system grew when the explanation dashboard showed
improved data quality after the steering process. As one par-
ticipant stated: “The data quality score gives me more confi-
dence to trust the predictions. If it’s lower; I'll be more scep-
tical and rely on my own judgment.” Several also suggested
that understanding the data collection process would further
enhance trust: “If the data quality is high, the system is more
reliable, but knowing about the data source would increase
my trust.”’

Discussions
Limitations

Before discussing the broader implications of our work, we
acknowledge the following known limitations to ensure the
transparency of our research:

1. Potential limitations in the experimental prototype:
There are certain areas for potential improvement in our
experimental prototype. Although the dataset used to
train the prediction model fits all our experimental re-
quirements, future research should consider investigat-
ing the impacts of different steering approaches on larger
datasets. Additionally, integrating the explanation dash-
board and the data configuration screens into the same
view could enhance the system’s usability and user inter-
action experience.

2. Unexplored impact of manual and automated steering for
other use cases: The implications of this research work
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are limited only to classification models trained on struc-
tured datasets. Other use cases involving different types
of datasets, such as image or text data, might require
a different approach for manual and automated steering
and were outside the scope of this research.

Can We Depend Only on Manual Steering?

Our findings support providing healthcare experts with
greater control through manual steering to achieve more ef-
fective model improvement. However, the manual approach
comes with limitations. It increases the risk of human errors,
particularly when users have only a partial understanding
of the system. Such user-induced errors can degrade train-
ing data quality, which in turn affects model accuracy and
diminishes user trust. Thus, our research raises an essen-
tial open question: “What takes precedence for healthcare
experts during data-centric steering: the pursuit of higher
prediction accuracy or the assurance of better data qual-
ity?” We argue that systematic collaboration between do-
main experts (like healthcare experts) and Al specialists is
vital to balancing accuracy with data quality during manual
steering. Such collaboration leverages domain knowledge
alongside technical expertise, fostering informed decision-
making that improves both model performance and the in-
tegrity of the data. We echo the recommendations from
prior researchers (Bhattacharya et al. 2025; Zhang, Lee, and
Carter 2022) who emphasised the importance of establish-
ing a complementary partnership between domain experts
and Al experts, especially in high-stakes domains, for build-
ing fair and responsible Al systems.

Towards Hybrid Steering: Combining Manual and
Automated Approaches

Manual and automated steering methods are not mutually
exclusive in real-world applications. Given the distinct ad-
vantages observed in both approaches, we propose a hy-
brid system that integrates manual and automated steering
to accommodate domain experts (like healthcare experts)
who prefer varying levels of control. While our experimen-
tal setup did not incorporate hybrid steering as the primary
objective of our study was to explore the comparative differ-
ences between manual and automated steering, future im-
plementations should consider combining both approaches
to maximise the benefits for healthcare experts.

Involving a Group of Healthcare Experts During
Manual Steering in a Practical Setting

Certain participants from the manual steering group ex-
pressed scepticism when their attempts to improve the model
led to degraded performance instead of improvement. Such
significant drops in prediction accuracy could adversely af-
fect their trust in the system. To address this problem, we
suggest replacing individual data-centric steering with a
peer-approval and group consensus process similar to Bhat-
tacharya et al. Leveraging the collective knowledge of a
team of healthcare experts has the potential to overcome
the limitations of individual feedback, such as human bias



and errors in training data (Mehrabi et al. 2021). By com-
bining their expertise, a group of healthcare experts can
achieve a more comprehensive understanding of the system
and greater confidence in performing manual steering effec-
tively. Moreover, involving groups of healthcare experts in
steering sessions can help distribute cognitive load, making
the process more manageable in time-constrained settings.
In practice, we envision these sessions taking place collabo-
ratively with Al experts, who can provide technical guidance
and help mitigate any unintended effects on the prediction
model resulting from domain expert interventions.

Improving Inter-Stakeholder Collaboration in ML
Systems Using Data-Centric Steering

ML systems often involve a variety of stakeholders with
different backgrounds, such as developers, business lead-
ers, policymakers, and users, who typically operate in iso-
lation (Preece et al. 2018). While prior research has high-
lighted the importance of fostering collaboration across
these groups (Preece et al. 2018; Nahar et al. 2022; Teso
et al. 2022; Bhatt et al. 2020), the dynamics of collaboration
between ML experts and domain specialists remain under-
explored. Our findings suggest that both manual and auto-
mated steering approaches can play a key role in improving
inter-stakeholder collaboration within ML systems. Build-
ing on Bhattacharya et al.’s guidelines, we propose a peer-
approval process for steering systems that involves diverse
stakeholders. This process leverages their collective techni-
cal expertise, domain knowledge, and practical experience to
improve training data quality and develop more robust and
contextually relevant ML models.

Design Implications for Data-Centric Steering
Systems For Domain Experts

To summarise the main findings and observations from our
study with healthcare experts, we share the following impli-
cations for tailoring steering systems for domain experts:

* Hybrid Steering for Balanced Control and Automation:
A hybrid approach that integrates manual and automated
steering can help domain experts balance control and
efficiency. While manual steering allows for domain
expertise-driven adjustments, automated assistance can
minimise human errors and improve workflow efficiency.

e Facilitating Peer-Approval and Group Consensus: In-
stead of relying solely on individual expert feedback, in-
corporating peer-review mechanisms among domain ex-
perts with diverse knowledge and background can im-
prove the reliability of data-centric steering. This collab-
orative approach mitigates biases and errors, leading to
more robust model adjustments.

e Enhancing Explainability Through Interactive Visuali-
sations: Domain experts require clear explanations of
model changes and their impact on predictions. Step-by-
step interactive visualisations and explanations of train-
ing data quality that highlights the underlying issues can
improve understanding and trust in the steering process.
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o Inter-Stakeholder Collaboration for Improved Data Gov-
ernance: Al systems for high-stakes domain (like health-
care) involve multiple stakeholders, including ML en-
gineers, policymakers, and domain experts. Facilitating
structured collaboration through shared decision-making
frameworks can improve training data quality and model
relevance.

» Implementing Rollback and Version Control Mecha-
nisms: Inspired by version control systems like GitHub,
steering systems should include rollback features that al-
low healthcare experts to track, revert, and audit changes.
This ensures transparency and accountability in manual
data modifications for domain experts.

Even though this work primarily focuses on understand-
ing the perspective of healthcare experts, these implications
are transferable to other application domains that require ex-
tensive domain knowledge for the development of responsi-
ble Al systems. We encourage future researchers working in
human-centred Al to empirically evaluate these preliminary
implications and refine them into concrete frameworks for
robust data-centric steering systems for all domain experts
with limited Al knowledge.

Beyond Model Performance Improvement

While our study primarily focused on how data-centric steer-
ing impacts model performance, we believe its benefits ex-
tend well beyond accuracy metrics. Involving healthcare ex-
perts in the steering process can also support tasks such as
bias detection and mitigation, as well as aligning training
data more closely with real-world clinical scenarios. Prior
work on Al bias and fairness (Bhattacharya et al. 2025;
Mebhrabi et al. 2021; Gianfrancesco et al. 2018; Feuerriegel,
Dolata, and Schwabe 2020) highlights the importance of
user involvement and domain expertise in addressing these
broader concerns. Additionally, expert-guided data-centric
steering can aid in the debugging and auditing of Al sys-
tems, helping ensure their compliance with ethical and so-
cietal standards established for responsible Al deployment
(FRA 2019; Liao and Varshney 2022; Masis 2023; Szyman-
ski, Verbert, and Vanden Abeele 2025). We envision that
combining data-centric steering with explainable Al tech-
niques can not only reduce model errors and bias, but also
contribute to the development of more transparent, trustwor-
thy, and fair Al systems.

Future Work

Future research could investigate the combined effects of
manual and automated steering. Additionally, conversational
Al such as chatbot-based interactions, could also improve
system explainability and assist healthcare experts in cre-
ating more effective data configurations. To deepen under-
standing, future studies should engage diverse stakeholder
communities to examine how manual and automated steer-
ing approaches influence inter-stakeholder collaboration.
Prior research underscores the importance of rollback mech-
anisms, Kulesza et al. advocating for the reversible princi-
ple and Bhattacharya et al. highlighting the need to track
user changes in interactive ML systems. Similar to version



control systems like GitHub, incorporating such features is
strongly recommended to improve the usability and practi-
cality of data-centric steering systems for domain experts.

Conclusion

In conclusion, our research examined the potential for
healthcare experts to improve prediction models using both
manual and automated data-centric steering approaches. We
developed a steering system for healthcare experts to guide a
diabetes prediction model and conducted a mixed-methods
user study with 74 participants. The study provided a de-
tailed analysis of the benefits of each steering approach
across multiple evaluation metrics. Our findings show that
manual steering led to significantly higher prediction ac-
curacy, demonstrating greater effectiveness. While manual
steering required more effort, it did not substantially affect
participants’ trust or understanding of the system. Based
on these results, we recommend granting more control to
healthcare experts in fine-tuning prediction models. How-
ever, for practical applications, a hybrid steering approach
that combines the strengths of both manual and automated
methods would be ideal.
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