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Figure 1: Explanatory Model Steering (EXMOS) enable users to fine-tune prediction models with the help of Explainable AI and
Interactive Machine Learning. This research explores the influence of different types of global explanations for supporting
domain experts, such as healthcare experts, in improving ML models through manual and automated data configurations. The
refined prediction model also dynamically updates the explanations and the predicted outcomes.

ABSTRACT

Explanations in interactive machine-learning systems facilitate de-
bugging and improving prediction models. However, the effective-
ness of various global model-centric and data-centric explanations
in aiding domain experts to detect and resolve potential data is-
sues for model improvement remains unexplored. This research
investigates the influence of data-centric and model-centric global
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explanations in systems that support healthcare experts in opti-
mising models through automated and manual data configurations.
We conducted quantitative (n=70) and qualitative (n=30) studies
with healthcare experts to explore the impact of different expla-
nations on trust, understandability and model improvement. Our
results reveal the insufficiency of global model-centric explanations
for guiding users during data configuration. Although data-centric
explanations enhanced understanding of post-configuration sys-
tem changes, a hybrid fusion of both explanation types demon-
strated the highest effectiveness. Based on our study results, we
also present design implications for effective explanation-driven
interactive machine-learning systems.
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1 INTRODUCTION

Encouraged by the promise of improved data-driven decision mak-
ing, artificial intelligence (AI) and machine learning (ML) systems
have witnessed increasing acceptance in high-stake domains such
as healthcare [16, 23, 60]. A pivotal aspect of these systems is the
provision of explanations that enable end-users to develop a clearer
mental model that fosters appropriate trust in the system, which is
studied deeply in the field of Explainable AI (XAI) [2, 29].

Explanations are also useful for improving models through model
steering [82]. The field of Interactive Machine Learning (IML) stud-
ies approaches towards model steering and improvement, which
are achieved by incorporating user feedback during ML model
training [3, 25, 77]. Integrating explanations within IML systems
enhances user understanding of ML models and fosters better in-
teraction for model improvement [6, 65, 76, 77]. This emerging
concept of explanatory model steering (EXMOS), which studies
the joint effect of XAI and IML, has garnered attention as a deft
human-centric solution to the challenges of acquiring rich end-user
feedback for improving AI/ML systems [76]. However, despite prior
works demonstrating the positive impact of explanations on user un-
derstanding and control for model steering in IML systems [44, 45],
the effectiveness of different types of explanations [2, 5, 7, 35] in
model steering remains under-explored.

Furthermore, Schramowski et al. [65] have highlighted the im-
portance of involving domain experts, i.e. users without ML back-
grounds, in an explanation-driven model steering process, as do-
main knowledge is needed for identifying potentially misleading
and biased predictors [26]. Research has shown that current one-off
explanations such as feature importances [2] or saliency maps [69]
are insufficient to support these users in model understanding [47].
Instead, domain experts require a better contextual understand-
ing of the model through interactive explanations of the training
data [47]. With a better understanding of the training data, they can
identify the limitations of the data and improve prediction models
by configuring the training data.

While the value of explanations in IML systems is widely recog-
nised, the specific impact of different types of global explanations
for model steering by domain experts remains largely uncharted.
Our research addresses this gap, investigating the effectiveness
of different types of explanations, such as the global data-centric
explanations [5, 7], model-centric explanations [2, 7] and their com-
bination within a healthcare-focused EXMOS system. Additionally,
we explored data-centric approaches for model steering in which
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domain experts are involved to improve the quality of the train-
ing data [52]. We investigated how different types of explanations
motivate domain experts to improve prediction models when config-
uring the training data through two distinct approaches: (1) manual
configuration and (2) automated configuration, as illustrated in
Figure 4a and Figure 4b, respectively. The manual configuration
approach enables domain experts, such as healthcare experts, to
utilise their prior knowledge to assess the importance of predic-
tor variables and mitigate bias or anomalies within the training
data. In contrast, the automated configuration highlights potential
issues in the training data [1, 39, 50] and allows users to select the
issues that need correction. The system automatically applies cor-
rection algorithms to minimise these potential issues and retrains
the prediction model on the configured data.
Thus, this paper probes into the following research questions:

RQ1. How do different types of global explanations affect
healthcare experts’ ability to configure training data and
enhance the prediction model’s performance, and why?

RQ2. To what extent do different types of global explanations
influence healthcare experts’ trust and understanding of the
Al system?

RQ3. How do different types of global explanations impact the
choice of steering models through training data configura-
tion?

To address these questions, we first developed a prototype EX-
MOS system (as illustrated in Figure 1) with three versions of the
explanation dashboard: (1) a Data-Centric Explanation version that
included only global data-centric explanations, (2) a Model-Centric
Explanation version that included only global model-centric expla-
nations, and (3) a Hybrid version that combined all the explanations
from data-centric and model-centric versions to provide multifac-
eted explanations [7, 35, 80]. Then, to investigate the influence
of different explanation dashboards on trust, understanding and
model improvement, we conducted a between-subject quantitative
study and another between-subject qualitative study involving 70
and 30 healthcare experts, respectively.

Results indicate that the hybrid version participants were signif-
icantly better in prediction model improvement despite having a
higher perceived task load than data-centric and model-centric par-
ticipants. However, elevated perceived task load did not negatively
impact their understanding or trust of the system. Findings also indi-
cate the limitations of global model-centric explanations for guiding
users during data configuration. Global data-centric explanations
were particularly helpful when understanding post-configuration
system changes as these provide more holistic elucidation of the
training data.

To summarise, there are three primary research contributions
presented in this paper:

1. We instantiated generic designs of global data-centric expla-
nations, model-centric explanations, and a hybrid version
that combined these different explanation types through our
healthcare-focused EXMOS system. We propose a set of vi-
sualisation and interaction designs of explanations and data
configurations to facilitate domain experts in model steering.
We have open-sourced our system on GitHub!.

!https://github.com/adib0073/EXMOS/
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2. We evaluated the impact of these different types of expla-
nations in model steering by domain experts through two
extensive user studies involving healthcare experts. Our find-
ings indicate that the hybrid combination of global expla-
nations proved the most effective and efficient for steering
models.

3. Based on the results of these user studies, we present guide-
lines for designing explanations and data configuration mech-
anisms to facilitate domain experts in model steering.

2 BACKGROUND AND RELATED WORK

To contextualise our research, this section discusses prior work on
various XAI methods for ML systems and different model steering
approaches in an IML workflow.

2.1 XAI Methods for ML Systems

Over the past decade, the field of XAI has witnessed numerous
studies being conducted to measure the efficacy of various explana-
tion methods for increasing the transparency of ML systems across
multiple application domains, such as healthcare [8, 16, 18, 60],
finance [9, 13, 24], and law enforcement [72, 79, 87]. Along with
making black-box ML models more transparent, XAI methods have
also aimed to make these systems more understandable and trust-
worthy [8, 49, 54].

Explanation methods have been categorised as model-specific
or model-agnostic based on the degree of specificity [2, 5]. Meth-
ods that can be applied to only specific model architectures and
algorithms are termed model-specific explanations, like Saliency
Maps [69], Grad-CAMs [66], Visual Attention Maps [32] etc. On
the contrary, model-agnostic explanations can explain any model
irrespective of the algorithms used. Popular XAI methods such as
LIME [63], SHAP [51], and Surrogate Explainers [33] are examples
of model-agnostic methods.

Based on the scope of explanations, XAl methods are also cat-
egorised as local explanations and global explanations [2]. Local
explanations involve explaining individual predictions considering
a specific record, whereas global explanations describe the whole
model trained on the entire dataset. Prior works have shown that
global explanations induce more confidence in understanding the
model compared to local explanations [5, 22, 61].

Based on the dimensions of explainability [7, 35, 80], researchers
have further classified explanations as model-centric and data-
centric. Model-centric methods such as SHAP-based feature im-
portance explanations [2, 51] aim to estimate the importance of
parameters and hyper-parameters used in ML models. Data-centric
explanations, on the other hand, aim to find insights from the train-
ing data to justify the behaviour of prediction models [5]. Recent
works have shown that data-centric explanations can justify the
failure of ML models by revealing bias, inconsistencies and quality
of the training data [5, 7, 8]. Examples of data-centric explanation
approaches include summarisation of the training data using de-
scriptive statistics, disclosing the bias in training data by showing
the distribution of the data across various demographic parame-
ters and revealing the potential issues that can impact the data
quality [5, 7, 8].
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Previous studies have shown that local data-centric explana-
tions are more effective than local model-centric explanations for
increasing the trust and understandability of prediction models
by justifying predicted outcomes with reference to the training
data [8, 21]. However, these studies have focused on the efficacy of
these explanations solely in the context of prediction justification
of individual data instances (i.e., local explanations) rather than
the working of the whole model (i.e., global explanations). More-
over, these studies have been conducted only with traditional ML
systems, which do not consider user feedback for model steering.
Consequently, the effectiveness of global data-centric explanations,
model-centric explanations and their combinations for support-
ing domain experts to steer models remain unexplored in existing
research. Our work aims to address this gap by investigating the
importance of these different types of model-agnostic global expla-
nations and their combinations for a healthcare-focused system.

2.2 Model Steering Approaches in IML Systems

The study of collaborative user interactions with ML systems that
guide users in rectifying erroneous predictions is gaining increased
attention [3, 43-45, 65, 73]. The term interactive machine learning
was introduced in Fails et al’s work, which described the usage of a
train-feedback-correct cycle involving end-users to rectify mistakes
in an image segmentation system [25]. Since then, extensive work
has been conducted to support human-in-the-loop approaches by
engaging end-users in model development, evaluation and correc-
tion for optimising ML systems [30, 36, 56, 73, 74].

Popular approaches include better model selection by end-users
[4, 27, 44, 75], elicitation of labels for important instances during
active learning [15, 44, 67], improvement of reinforcement learning
process for automated agents [42]. In mixed-initiative active learn-
ing [68], both the end-user and the ML model share the responsibil-
ity of selecting the instances. Researchers have also proposed other
approaches that enable users to inspect model parameters, such as
features and their weights [20] or rules used to make decisions [86]
and enable them to modify these parameters. Moreover, the use
of visual interfaces in the IML workflow has been emphasised to
increase end-user involvement [64].

In recent work on explanatory interactive learning, the model
predictions are explained to the user as a basis for them to improve
explanation reasoning [77]. We found this approach promising and
wanted to investigate further how explanatory interactive learning
can enable domain experts to improve prediction models.

However, Al researchers have recently highlighted the need
for data-centric Al by stressing the importance of good quality
data for more reliable prediction models [37, 52]. Conventional
model-centric Al focuses on improving Al performance through
better model selection and fine-tuning of hyperparameters, thus
neglecting potential data quality issues and flaws in the training
data [7, 11, 37, 83, 88].

Particularly in high-stake domains, such as healthcare, high-
quality training data is even more critical for the increased adoption
of Al systems [17]. Hence, the active involvement of domain experts
is crucial for identifying and correcting training data issues for
model improvement. Yet, the involvement of domain experts in
model steering following data-centric approaches is under-explored
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in the literature. To address this gap, our research investigated
how healthcare experts can improve the flaws in the training data
for better prediction models by applying their domain knowledge
through manual and automated data configurations.

3 DESIGN OF EXPLANATIONS AND MODEL
STEERING APPROACHES

This section describes our generic designs of different explanation
methods presented in a dashboard and of model steering approaches
using manual and automated data configurations. We demonstrate
an implementation of these designs for a healthcare-focused EX-
MOS system, as used in our user studies described in Section 4.

3.1 Explanation Dashboard

Since this research aimed to compare diverse model-agnostic, global,
model-centric and data-centric explanations, we designed the fol-
lowing three different versions of the explanation dashboard:

(1) Data-Centric Explanation (DCE) version: This dashboard
version includes only global data-centric explanations, which offer
insights into the overall patterns of the training data [5, 7, 8]. Fig-
ure 2a illustrates an implementation of this dashboard version for
a healthcare-focused model steering system. Global data-centric
explanations generally summarise the training data, highlight inter-
esting findings, depict predictor variable distributions, and convey
biases, inconsistencies, and data quality information. The following
visual components are designed to provide different types of global
data-centric explanations:

e Key Insights (KI): This visual component aims to present
insights about the training data generated using descriptive
statistics. Primarily, this visual summarises the presence of bi-
ased and extreme (or anomalous) data values for each dataset
variable using percentages. For our prototype, we displayed
the top 4 insights on the dashboard tile, with additional in-
sights provided as tooltips. The design of this explainability
approach aligns with the ML transparency principle by Bove
et al.[9] but is applied to global explanations.

e Data Density Distribution (DDD): This visual component
aims to present the distribution of value counts for each
predictor variable, highlighting the average value, graphical
data distribution, and detection of potential abnormalities
(i.e. extreme values) from the training data. In our imple-
mentation, we included interactive tooltips to display the
corresponding patient counts for each predictor variable. We
utilised the design principles of data-centric explanations
from Bhattacharya et al. [8] as its design rationale.

e Data Quality (DQ): This visual component aims to depict
the overall training dataset quality. The overall data quality
can be estimated based on specific dataset issues such as
outliers, redundant data, correlated features, class imbalance,
data drift, data skewness and etc [1, 39, 50]. However, addi-
tional types of data issues may also be considered if present
within the dataset. Each issue can be given equal weight for
calculating the data quality score. In our implementation, the
overall quality score is further abstracted into three levels:
(1) good (if score > 80), (2) moderate (if 50 < score < 80), (3)
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poor (if score < 50). Our design approach was aligned with
Wang et al. [80] and Bhattacharya et al’s [8] approach for
showing estimated uncertainty measures.

(2) Model-Centric Explanation (MCE) version: This version
includes only global model-centric explanations, such as SHAP-
based global feature importance [2, 51] and surrogate explainer
based top decision rules [33, 59]. Figure 2b illustrates an implemen-
tation of this dashboard version for a healthcare-focused EXMOS
system. The following visual components are designed to provide
different types of global model-centric explanations:

e Top Decision Rules (TDR): This visual component displays
relevant decision conditions for predicting the different tar-
get classes present within the dataset. In our implementation,
it presents the different rules for predicting patients as di-
abetic or non-diabetic. We applied the skope-rules Python
module [58] to generate the top decision rules based on sur-
rogate explainers. We utilised the causal attributions and
inductive reasoning principles from Wang et al. [80] for its
design.

e Important Risk Factors (IRF): This visual component dis-
plays global feature importance of the various predictor vari-
ables present within the dataset. In our implementation, the
feature importance scores were generated using the Python
SHAP module [57]. The design principles of Bhattacharya
et al. [8] can be followed to distinguish between actionable
and non-actionable features while presenting the feature
importances.

(3) Hybrid (HYB) version: The design of the hybrid explanation
dashboard basically combines all the visual explanations compo-
nents providing global model-centric and data-centric explanations.
Figure 3 illustrates our implementation of the hybrid explanation
dashboard, which included all the different types of explanations
from the DCE and MCE dashboards.

In our implementation, each version of the explanation dash-
board presented the overall prediction accuracy to highlight the
prediction model’s performance, the number of training samples,
predictor variables (features) included in the training data and the
percentage change from the previous version of the trained model.
Furthermore, we included @ in each tile to assist our users by
providing a description of each visual component. Our research
involved comparing the DCE, MCE and HYB versions of the dash-
board to address our research questions. However, these designs
can be adapted to other use cases which involve explanatory model
steering.

3.2 Data Configuration Mechanisms

An essential part of our research involved studying how domain
experts leverage their knowledge to retrain and improve the pre-
diction model by configuring the training data. Thus, we designed
the following configuration mechanisms which supports domain
experts in model steering:

(1) Manual configuration: Using this mechanism, domain ex-
perts could select features and filter data by adjusting their
upper and lower limits. The manual configurations provide
more control to configure the training data, as domain ex-
perts could select or adjust the predictor variables using
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Figure 2: Data-Centric and Model-Centric Explanation dashboards of our prototype

slider controls based on their requirements. For example,
if domain experts, such as healthcare experts, think that
diastolic blood pressure is not an important predictor vari-
able for diabetes prediction, they can unselect the predictor
variable to exclude it from the training data. Additionally,
if they think that patients over 80 years old should be ex-
cluded from the training data, they can exclude them using
the manual configuration. Figure 4a illustrates the manual
data-configuration screen implemented in our healthcare-
focused EXMOS system. We also included interactive visuals

to display data distribution changes for each variable when
configured in our implementation.

(2) Automated configuration: The automated configuration

mechanism prevents the manual workload of individually
configuring the training data. This method aims to maximise
the data quality by reducing various data issues, such as
outliers, correlated features, skewed data, imbalanced cate-
gorical data and etc. [1, 39, 50]. This method also involves
application of automated correction algorithms to correct
the data issues, such as the SMOTE technique [18 ] can be
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Figure 3: Hybrid explanation dashboard: combining data-centric and model-centric explanations from Figure 2a and Figure 2b

used to mitigate the class imbalance problem or removal
of redundant data using automated algorithms. However,
our design of this mechanism includes explanations of the
data issues to increase the transparency of the automated
correction algorithms. For each data issue, we recommend
quantifying its impact on the overall data quality and dis-
playing the estimated impact scores. We also recommend
providing visualisations to demonstrate their impact on the
data before and after the correction. Furthermore, we suggest
adding simplified textual descriptions of each issue, justify-
ing how their presence can affect the prediction model. These
explanations of the data issues and the automated correc-
tion methods can enable users to identify potential issues
that need correction and the model can be retrained after
their automated correction. Figure 4b illustrates an imple-
mentation of our automated configuration design within our
healthcare-focused EXMOS system.

Furthermore, our designs allowed users to revert to the default
data and model settings, discard unsaved changes and save and
retrain the current changes, following guidelines established in [44].
After each configuration, the prediction model was regenerated
with the configured data and all the explanations were re-calibrated.

4 METHODS

This section describes our study design, prototype implementation
and the detailed methodology for two user studies.

4.1 Study Design

To compare the impact of the DCE, MCE and HYB explanation
dashboards on trust, understanding and data-configuration mecha-
nisms, we conducted a between-subject quantitative study (n=70)
and another between-subject qualitative study (n=30) with health-
care experts as discussed in Section 4.3 and Section 4.4 respectively.
The user studies were approved by the ethical committee of KU
Leuven with the number G-2021-4074. The rationale for conducting
both quantitative and qualitative user studies originated from the
multifaceted objectives of our research. The primary focus of our
quantitative study was to collect empirical evidence to determine
which version of the explanation dashboard was more effective for
improving prediction models, enhancing trust and understandabil-
ity and influencing their selection of data configuration approach.
However, through our qualitative study, we delved deeper to un-
derstand why and how different types of explanations support
healthcare experts in model steering. Considering our research ob-
jectives, we only varied the version of the explanation dashboard
in our between-subject user studies. Despite the automated config-
uration mechanism being a novel attempt to fine-tune prediction
models by resolving common data issues, we were unsure how
our participants would perceive it. Before extending the study’s
scope to include the diverse configuration approaches, we wanted
to collect empirical evidence to support the usage of automated con-
figurations for future research through our user studies. Therefore,
different approaches to data configuration were not considered as
study factors. Both manual and automated data configurations were
supported in all three versions of the explanation dashboard.
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Figure 4: Data configuration screens from our prototype.

4.2 Prototype Implementation

We developed a high-fidelity web application prototype of an EX-
MOS system, in accordance with the designs outlined in Section 3.
The prototype provided global explanations to healthcare experts
for the predictions generated by a diabetes prediction model using
the DCE, MCE and HYB explanation dashboards illustrated in Fig-
ure 2 and Figure 3. The prototype enabled healthcare experts to
make changes to the training data and retrain the model through
manual and automated data configurations described in Section 3.2.
Next, we discuss the dataset and prediction model included in our
prototype.

Dataset: We leveraged the open-sourced Pima Indians Diabetes
dataset?® [71] for our prototype. The dataset comprises health records
of 768 patients, 8 predictor variables and the target variable. It is
primarily used for binary classification, i.e. classifying patients as
diabetic or non-diabetic. All the patients included in this dataset
are Pima Indian women above 21 years old. This dataset was specif-
ically chosen for our experiments due to its inherent data issues,
such as an abnormally high number of zero values across numerous
feature variables, outliers, an imbalanced distribution of target class,
and skewed distributions observed in some of the features. We hy-
pothesised that healthcare experts could understand the limitations

2Source OpenML: https://www.openml.org/search?type=data&sort=runs&id=37&
status=active
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of the data and build better prediction models by configuring the
training data.

Prediction model: Scikit-learn’s [12] implementation of the Ran-
dom Forest algorithm was utilised for training a classifier on our
diabetes prediction dataset, which resulted in a training accuracy of
84% and a test accuracy of 80%. The test accuracy was considered as
the overall prediction accuracy in our prototype. During the model
development phase, we experimented with several classification
algorithms, such as logistic regression, support vector machines,
k-nearest neighbours, XGBoost and deep neural networks. We also
experimented with state-of-the-art AutoML tools such as Azure
Automated ML [55], PyCaret [62], Deep Neural Networks using
AutoKeras [38]. However, the random forest model produced bet-
ter and more generalised predictions as it had minimal overfitting
and underfitting effects. Therefore, we selected this model for our
final prototype. Our experimental results with different ML algo-
rithms during the model development process are provided in the
supplementary content. However, since our prototype included
model-agnostic global explanations and steering approaches, the
choice of the prediction model does not impact our design of the
explanation dashboard or the data configuration mechanisms.

4.3 User Study 1: Quantitative Study

Study setup: We first conducted a between-subject quantitative
study involving 70 healthcare experts to address our research ques-
tions. The study was conducted through the online survey plat-
form Qualtrics [85]. Previous studies that did not include a control
condition have shown that participants respond positively only
when explanations are presented [5]. Thus, similar to other stud-
ies without a control condition [5, 22, 41, 46], we did not include
a no-explanation condition in our study. Instead, our design fo-
cused on comparing the three different versions of the explanation

dashboard.

Table 1: Participant information for user study 1.

Participant Groups

DCE: 25
COHORT MCE: 27
HYB: 18

=N
)

(18-29) years:
(30-39) years:

©

AGE GROUPS (40-49) years: 3
(50-59) years: 1
Female: 51

GENDER Male: 17

Non-binary: 1
Not disclosed: 1

< lyear: 13
1-3 years: 3
HEALTHCARE EXPERIENCE  3-5 years: 33
5-10 years: 17
>10 years: 4

Participants: We initially recruited 92 participants from a large
network of volunteers from the Faculty of Health Science, Univer-
sity of Maribor. We selected participants who were over 18 years
old and had prior experience as healthcare assistants, paramedics,
trainees, or registered nurses in the treatment and care of diabetes
patients. Each participant was randomly assigned to one of the three
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versions (i.e. DCE, MCE or HYB). Prior to analysing the study re-
sults, we established two main exclusion criteria: (1) responses from
participants who failed to answer all the survey questions were ex-
cluded, and (2) responses from participants who failed to complete
the given tasks were excluded. After evaluating the study response,
we excluded 22 responses considering these exclusion criteria. Thus,
the results rely on data from a total of 70 participants, comprising
25, 27, and 18 participants for DCE, MCE and HYB, respectively.
Additionally, to validate our sample size selection for each group,
we conducted a power analysis based on standard guidelines [14],
resulting in a minimum sample size of 17 for each group to achieve
a power of 0.85, maintaining an error rate below 0.05 and a medium
effect size of 0.3. Moreover, our primary inclusion criterion was met
as we were able to successfully include participants with varying
levels of experience in healthcare, as presented in Table 1.

Study procedure: Informed consent was obtained from partici-
pants along with detailed instructions on their roles, responsibilities,
and rights for the study. Next, they were introduced to their allot-
ted prototype version through tutorial videos describing the usage
scenario, the purpose of the prediction model, the explanation dash-
board and the data configuration mechanisms. Additionally, the
participants were encouraged to explore the prototype indepen-
dently after watching the tutorial videos to familiarise themselves
with the system. After this, we collected their demographic infor-
mation through survey questions.

Next, the participants had to complete a model-steering task. In
this task, participants were given 15 minutes to explore the system
and perform training data configuration using the various config-
uration mechanisms, aiming to maximise the overall prediction
accuracy from the default state. The participants were allowed to
configure the training data multiple times. However, they were
asked to switch to the configurations that gave them the maximum
prediction accuracy before marking this task as complete. Post-
completion of this task, we measured the perceived task workload
using the NASA-TLX questionnaire [31, 44, 45].

Additionally, our research aimed to study the impact of the dif-
ferent types of explanations on the understanding and trust of
the users. We prepared a mental model questionnaire similar to
Kulesza et al. [44, 45] to measure the objective understanding [9, 19]
of users. An answer was deemed correct if it matched the prede-
fined expected response for each question. We also measured their
subjective understanding using the perceived understandability
questionnaire proposed by Hoffman et al. [34] and perceived trust
using the Cahour-Forzy scale questionnaires [34] on a 7-point Lik-
ert scale. Additionally, we piloted our study to validate the working
of the prototype and refine the vocabulary used in the study ques-
tionnaire.

Data collection and analysis: The study collected the following
types of quantitative data:

Updated prediction accuracy after the model steering task.

Quantitative responses to the NASA-TLX workload assess-
ment.

Scores for the mental model questionnaire for evaluating the
objective understanding.

Perceived understandability responses on a 7-point Likert
scale.
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e Perceived trust responses on a 7-point Likert scale.

e System interaction data, such as mouse-click counts and
hover time during interactions with the visual explanations
and during manual and automated data configurations.

Since the recorded data violated the normality assumptions, we
utilised non-parametric tests for statistical analysis. Specifically, we
used the Kruskal-Wallis test [53] to assess overall significance, and
for significant results, we conducted the Mann-Whitney U-test [53]
with Bonferroni correction for pairwise group comparisons (DCE-
MCE, MCE-HYB, and DCE-HYB). Descriptive statistics were also
used for further analysis, and the results were visualised using com-
parative box-plots. Using the system interaction data, we computed
average clicks per user (CPU) and average hover time per user
(HTPU) to compare the three prototype versions. Similar to Verbert
et al. [78], we also computed the effectiveness and efficiency of man-
ual and automated configurations for each dashboard version to
analyse how our participants used these different configuration ap-
proaches. Effectiveness is measured by taking the ratio of successful
attempts, where participants increase the model accuracy beyond
the default value, to the total number of attempts made. Efficiency
is determined by calculating the ratio of the total hover time spent
by participants to the total number of successful attempts made
using each configuration type.

Table 2: Participant information for user study 2.

Participant Groups
DCE: 10

COHORT MCE: 10
HYB: 10

(18-29) years: 28

AGE GROUPS (30-49) years: 2
Female: 23

GENDER Male: 7
<lyear: 1

HEALTHCARE EXPERIENCE  1-5 years: 18
5-10 years: 11

4.4 User Study 2: Qualitative Study

Study setup: We conducted a between-subject qualitative study with
30 healthcare experts to gain deeper insights into their perceptions
of utilising various explanation types during model steering. This
study aimed to collect qualitative data to justify the quantitative
results from the first study.

Participants: We recruited an additional 30 participants special-
ising in nursing and patient care from Faculty of Health Science,
University of Maribor. While the participants were not part of the
first study, their selection criteria were the same as those of the
first study. The recruited participants were randomly assigned to
one of the three prototype versions, ensuring each version had 10
participants. Table 2 presents additional demographic information
about the participants.

Study procedure: The study was conducted through face-to-face
semi-structured individual interviews, which were recorded and
transcribed for qualitative data analysis. The combined duration of
all interviews amounted to approximately 1100 minutes, averaging
around 35 minutes per interview.
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After obtaining their informed consent, the participants were
introduced to the prototype through a live demonstration of its
functionalities. Then, each participant was given 5 minutes to in-
dependently explore the prototype, followed by semi-structured
interviews. We referred to prior research work from Liao et al.’s XAI
question bank [48], Anik and Bunt [5], Cheng et al. [19] and Kim et
al. [40] to formulate the interview questionnaire. All questionnaires
are included in the supplementary material. We also observed and
recorded participant interactions with the prototype.

Data analysis: The collected qualitative data was analysed using
Braun and Clarke thematic analysis method [10]. Using this method,
we first reviewed the transcripts of the recorded interviews to
identify an initial set of codes. Then, the identified codes were
grouped into potential themes in several iterations. Upon reviewing
the initial themes, we established a final set of themes to address
our research questions.

For participant anonymity, we referred to them as P(N), where N
represents a specific participant number from 1 to 30. Only neces-
sary grammatical corrections were made to the participant quotes
when reporting the results.

5 RESULTS

This section presents the results of our user studies. Table 3, 5 and 6
summarise the results from our quantitative study and Table 4
presents the themes generated from our qualitative study.

RQ1. How do different types of global explanations affect
healthcare experts’ ability to configure training data and en-
hance the prediction model’s performance, and why? - Results
from our first study indicate that HYB participants could signif-
icantly improve the prediction model performance compared to
DCE and MCE versions. A Kruskal-Wallis test revealed a signifi-
cant difference in post-task prediction accuracy scores across the
three dashboard versions (H=10.89, p=0.004). Figure 5 illustrates a
box-plot showing the post-task prediction accuracy obtained by par-
ticipants from the three groups. Subsequent Mann-Whitney U-test
with Bonferroni correction showed that the post-task prediction
accuracy for HYB was significantly higher than MCE and DCE as
the p-values between HYB-DCE and HYB-MCE were 0.004 and
0.001, respectively. Although no significant difference was found
in scores between DCE and MCE users (U=426.5, p=0.102), 59.25%
of DCE participants were able to improve the prediction accuracy
compared to only 40% of MCE participants. However, as 88.8% of
HYB participants could improve the model accuracy, combining
data-centric and model-centric global explanations proved to be
most impactful for model steering.

Despite HYB participants achieving higher prediction accuracy,
NASA-TLX task load assessments showed a significantly higher per-
ceived task load for HYB participants than DCE and MCE (H=12.52,
p=0.0019). Subsequent Mann-Whitney U-test with Bonferroni cor-
rection also showed a statistically significant difference between
DCE and HYB versions (U=109.5, p=0.004) and MCE and HYB ver-
sions (U=96, p=0.0007) but not between DCE and MCE versions
(U=346, p=0.88). The box-plots in Figure 6 illustrate the overall vari-
ation of the perceived task load and the variation across each aspect
of NASA-TLX. Additionally, from the user interaction data in Ta-
ble 5, the average hover-time was significantly higher for the HYB
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Table 3: Summary of statistical significance assessments. Statistically significant results are displayed in bold. CPU stands for

clicks per user and HTPU stands for hover time per user.

Bhattacharya, et al.

Measures

Kruskal-Wallis test

Mann-Whitney U-test

Post-task Prediction Accuracy
Perceived Task Load (NASA-TLX)

Objective Understanding
Perceived Understandability
Perceived Trust

(H=0.79, p=0.67)
(H=0.32, p=0.85)
(H=0.33, p=0.85)

Average CPU for the Explanation Dashboard
Average CPU in Manual Configuration
Average CPU in Automated Configuration

(H=0.63, p=0.73)
(H=0.25, p=0.88)

Average HTPU for the Explanation Dashboard
Average HTPU in Manual Configuration
Average HTPU in Automated Configuration

(H=2.48, p=0.29)

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
| (H=5.08 p=0.07)
|

(H=10.89, p=0.004)
(H=12.52, p=0.0019) '

(H=10.49, p=0.005) | (U=228.5, p=0.002) (U=145.5, p=0.03) **

(H-12.92, p-0.002)

DCE-MCE

DCE-HYB

MCE-HYB

(U=426.5, p=0.102)
(U=346, p=0.88)

(U=367.5, p=0.58)
(U=311, p=0.63)
(U=316.5, p=0.71)

(U=368.0, p=0.58)
(U=358.5, p=0.71)

(U=142.5, p=0.004)
(U=109.5, p=0.004)

(U=210.5, p=0.73)
(U=206.5, p=0.66)
(U=230, p=0.91)

(U=194.5, p=0.46)
(U=227.0, p=0.72)

(U=109, p=0.001)
(U=96, p=0.0007)

(U=206, p=0.39)
(U=252.5, p=0.83)
(U=267.5, p=0.58)

(U=231.0, p=0.79)
(U=244.0, p=0.74)

(U=126.0, p=0.62)

(U=422.0, p=0.12)
(U=347.5, p=0.86)
(U=187.0, p=0.03) **

(U=313.5, p=0.003)
(U=265.5, p=0.32)
(U=85.5, p=0.31)

(U=396.5, p=0.0004)
(U=317.0, p=0.08)
(U=216.5, p=0.16)

Note: (**) With Bonferonni correction, the significance level was adjusted to 0.0167 instead of 0.05 for

Mann-Whitney U-test.
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Figure 5: Box-plot showing the variation in the prediction accuracy scores obtained after the model steering task by participants

of the three groups.

version than the DCE (U=313.5, p=0.003) or MCE (U=396.5, p=0.0004)
versions. These results indicate that merging these different types
of explanations can initially overwhelm users.

Our qualitative study delved deeper into the advantages and
drawbacks of explanation types in model steering. Data-centric
explanations proved valuable for healthcare experts in performing
better configurations by providing a better understanding of the
training data. Participants mentioned that all the visual components
providing data-centric explanations (Key Insights, Data Density
Distribution, Data Quality) gave them a richer understanding of the
training data. These explanations encouraged them to explore the
dataset more, eventually helping them to improve the prediction
model through better configurations. For example, P16 stated, ‘T
could easily make changes in the data and observe changes in the
dashboard ... it gives a better understanding of the system”.

Moreover, we found global feature importance explanations to be
insufficient and non-actionable to healthcare experts, who predomi-
nantly rely on their domain knowledge to conclude the importance
of feature variables instead of algorithmic estimations of feature
importance. For instance, P21 mentioned: “Glucose is the most im-
portant variable for diabetes, BMI generally increases with diabetes,
but it is not very important. Some doctors who specialise in endocrine
systems might consider Insulin as important, but nurses don’t con-
sider it as important”. Some participants found it hard to understand
the change in prediction accuracy post-configurations using only
model-centric explanations: “The accuracy is higher and the expla-
nations have changed, but I don’t understand why the accuracy is
higher" (P29). Additionally, some of our participants expressed the
need for feature importance explanations to show the impact of
specific features for elevating the risk of diabetes rather than the
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Figure 6: Box-plots showing variation of NASA-TLX scores between the three prototype versions and across the six evaluation
areas of NASA-TLX such as mental demand, physical demand, time demand, performance, effort, frustration level.

Table 4: Summary of thematic analysis results. The themes are sorted in descending order of number of participants supporting

them.

Themes

Supported by

ability and trust

Transparency of data issues is important for better understand-

198 (~63%): P4, P5, P9, P10, P11, P12, P14, P16, P17,
P18, P19, P20, P21, P22, P24, P25, P26, P27, P28

actionable

Only global model-centric explanations are insufficient and non-

16 & (~53%): P2, P3, P5, P8, P10, P12, P13, P14, P16,
P17, P20, P21, P24, P26, P29, P30

ability post-configuration

Global data-centric explanations improves system understand-

14 & (~47%): P1, P3, P4, P6, P7, P9, P10, P11, P12, P13,
P14, P16, P19, P20

ity, personalisation, and knowledge acquisition capabilities

Manual configurations empower healthcare experts with flexibil-

148 (~47%): P1, P7, P9, P10, P11, P12, P13, P17, P13,
P20, P21, P24, P26, P29

less relevant for healthcare workers

Information on data issues is crucial for medical researchers but

13& (~43%): P5, P6, P8, P10, P11, P12, P13, P16, P17,
P18, P20, P21, P26

Data configurations positively impact the understandability and
trust of the system

12 & (~40%): P1, P3, P4, P7, P13, P16, P18, P19, P25,
P27, P28, P30

Auto-corrections are easier and faster but less understandable
than manual configurations

P24, P25, P27

Local explanations can further enhance the usefulness and action-
ability of global explanations in healthcare

11 & (~37%): P2, P3, P4, P5, P12, P13, P16, P17, P20,
P21, P26

Transparency about the data-collection process enhances trust

7 & (~23%): P3, P6, P9, P11, P15, P28, P30

The impact of sample size changes should be emphasised during
data configurations

6 & (~20%): P4, P6, P10, P14, P18, P25

Collaboration and group configurations with peer approval mech-

anisms for effective data configurations

4 & (~13%): P8, P22, P25, P30

Disclosing data issues is essential for decision-makers

4 & (~13%): P9, P11, P17, P28

in data-centric explanations

Importance of abstraction and gradual increase of detailed insights

3 & (~10%): P7, P11, P13

nism for enhanced user experience

Maintaining a history of configurations and a roll-back mecha-

3 & (~10%): P10, P19, P23
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importance of the feature in the prediction process: “[From Impor-
tant Risk Factors] these are just outcomes [importances], we would
need the steps to reduce risk of diabetes ... it would be useful to know
which risk factors we should target to reduce their risk of diabetes”
(P8).

Furthermore, our participants expressed a need for local expla-
nations to enhance the usefulness and actionability of global expla-
nations: ‘It will be more helpful to get individual patient information
... I will make an exclusive healthcare routine for the specific patient.”
(P2). Some participants also suggested that the increased perceived

task load of hybrid explanations can be minimised by presenting
an abstract high-level summary first and then a drill-down detailed
view of the explanations so that it is not overwhelming for them at
first sight: “It is better to present the data in a more simple manner
first ... like a step-by-step approach in which they see very abstract
information first, and then if someone is interested, they can go into
the details of it” (P11).
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Key-takeaways: Model-centric explanations alone are insuf-
ficient for facilitating domain experts in model steering. Con-
versely, data-centric explanations are more useful for domain
experts in model steering due to the adequate elucidation
of the training data. However, despite a higher perceived
task load, the hybrid combination of data-centric and model-
centric explanations proved most valuable for improving
prediction model performance.

RQ2. To what extent do different types of global expla-
nations influence healthcare experts’ trust and understand-
ing of the Al system? - Findings from our first study did not re-
veal any significant differences in objective understanding (H=0.79,
p=0.67), perceived understanding (H=0.32, p=0.85) and perceived
trust (H=0.33, p=0.85) across different prototype versions. However,
as the scores did not significantly drop in the HYB version, we
infer that the trust and understanding of healthcare experts in Al
systems are not adversely affected by the increased perceived task
load associated with merging data-centric and model-centric global
explanations.

Unlike our quantitative study, our qualitative study revealed
interesting insights about the perceived trust and understandability
of users. Participants highlighted the importance of data-centric ex-
planations in understanding system changes post-configuration by
visualising predictor variable distributions and data quality changes.
They mentioned how highlighting data issues further justified the
data quality score, enhancing system transparency: “Showing the
data quality improves the transparency of the system. If it is not
higher, we can use this system with the researchers [or developers]
to make the data quality higher” (P20). Moreover, the users could
improve the training data by removing abnormal data values and
selecting relevant feature variables via configuration mechanisms:
“The extreme values make us wonder why the zero values are higher
and we want to understand more. It indicates that maybe it’s not the
patients, but instead, there’s something wrong in the system.” (P13).
Consequently, they had higher confidence and trust in relying on
the predictions. Also, some of our participants suggested that in-
cluding information on the data collection process can boost the
transparency and trust of the system: “Better to explain more about
data source, how it was collected to explain the chances of occurrences
of such issues” (P30).

Additionally, as observed in our second study, training data
visualisation on the configuration page facilitated user exploration
and experimentation, thus improving system understanding and
trustworthiness: “The data configurations allowed me to explore the
system and have more control over it. It makes it more understandable
and trustworthy” (P9), ‘I trust the system better now as there are no
extreme values after I have removed them [after data configuration]”
(P27).

Key-takeaways: Despite the increased perceived task load,
trust and understanding of domain experts are not ad-
versely affected by the hybrid combination of global ex-
planations during model steering. Particularly, global data-
centric explanations helped domain experts to understand
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post-configuration system changes. Providing explanations
about the data quality and disclosing the data issues allowed
our users to have higher trust and confidence in the predic-
tions. Moreover, allowing domain experts to configure the
training data enabled them to explore the system more and
have a better understanding of it. Additionally, disclosing the
data collection process can further enhance their trust in the
system.

RQ3. How do different types of global explanations impact
the choice of steering models through training data config-
uration? - As presented in Table 5, analysis of user interaction
data from our quantitative study revealed that HYB users were
faster to perform manual configurations than DCE and MCE users,
with fewer interactions while configuring the training data. Ini-
tially overwhelmed by diverse explanations on the dashboard, HYB
users spent more time exploring the interface. However, they were
able to perform faster and better model steering through manual
configurations. As shown in Table 6, the HYB users demonstrated
the highest effectiveness and the best efficiency for both manual
and automated configurations than the DCE and MCE users. The
MCE users obtained the lowest effectiveness and the worst efficiency
for both manual and automated configurations. Despite additional
effort needed in manual configurations, as presented in Table 6,
participants from all three versions were more effective and efficient
when configuring the data manually rather than using automated
configurations. These results highlight the importance of providing
domain experts with more control over the prediction system.

While MCE users invested more time in manual configurations,
they were not as successful as the HYB and DCE users in improv-
ing the prediction model. This result highlights the insufficiency of
global model-centric explanations towards guiding users in model
improvement. Furthermore, due to the absence of data quality in-
formation on the MCE version, the MCE users invested less time
in exploring the automated configurations in which the issues in
the training data were resolved automatically. In contrast, DCE and
HYB versions provided a better understanding of the automated
configurations by delineating the data quality and explaining the
data issues. Consequently, DCE and HYB users were more effective
and efficient in automated configurations than the MCE users.

Findings from our qualitative study helped us understand why
our participants preferred more control over the training data
through the manual configurations. They mentioned that the man-
ual configurations provided more flexibility in selecting relevant
patient groups and allowed them to experiment with the train-
ing data. For instance, P21 mentioned, “the manual control is more
useful than the automated one, as the automatic changes might be
good for more general patients, while for a specific group of patients,
the manual configurations give more control to have reliable results".
The manual configurations also helped them to learn the impact of
certain health measures on the risk of diabetes for specific patient
groups: “It’s also a good tool for learning if medical students are not
so well aware of diabetes, they can play around and learn how each
factor can affect the diabetes predictions" (P21). Furthermore, P29
mentioned that observing changes after the manual configuration
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Table 5: User interaction data for different explanation types and configuration mechanisms. Average Clicks Per User (CPU) is
measured in the number of mouse clicks, and average Hover Time Per User (HTPU) is measured in seconds.

, DCE MCE HYB
T
I
Average Clicks Per User (CPU) | 39.24 33.96 41.22
Average Hover Time Per User (HTPU) : 283.56 156 534.22
I

I
[
I
Key Insights | 4.6
Data Density Distribution ! 5.5
Data Quality : 2.2
Important Risk Factors I -
Top Decision Rules : -
,,,,,,,,,,,,,,,,,,,, -
I
Manual Configuration : 26
Automated Configuration | 4
I

2404 ' - - C19 25.55
2564 | - - LS 37.11
1436 | - - .20 16.47

- |40 411 20 27.11

- I 578 1976 1 37 28.27
635 ' 19 680 ' 17 527
609 2 381 2.5 488

Table 6: Table presenting effectiveness and efficiency of manual and automated data configurations for different explanation

types.

DCE MCE HYB
Effectiveness  Efficiency . Effectiveness Efficiency . Effectiveness  Efficiency
Manual Configuration 0.64 17.72 0.46 42.23 0.75 15.28
Automated Configuration 0.43 61.58 0.34 62.25 0.59 33.08

helped to validate their own knowledge of how certain parameters
can impact the risk of the disease: “As a nurse, you might have the
knowledge but some approval or validation of the knowledge makes
you feel more confident. And this system [with manual configurations]
helps you to apply this knowledge and see the changes in predictions.”

However, the majority of the MCE participants (60%) from our
qualitative study had expressed scepticism about the manual config-
urations as they feared that incorrect data configurations could lead
to poor predictions. Thus, instead of relying on individual feedback,
they suggested that healthcare workers can feel more confident
in performing data configuration as a group: “It would be better to
introduce this to a group of nurses [healthcare experts], then they
would feel more confident to decide certain parameters, set the limits
and turn on and off the risk factors as a group” (P8). As a solution
to this problem, P25 provided an interesting suggestion of having
a peer review and approval system for data configurations: “The
system should allow individual users to suggest changes. Then the re-
sponsible group of nurses and doctors can see these suggested changes
and perform these changes to see the benefits, otherwise decline the
suggested changes.”

Key-takeaways: The hybrid combination of global explana-
tions demonstrated the highest effectiveness and efficiency in
model steering over the other versions. Empowering domain
experts with greater control during model steering proves
crucial, as participants across all three versions demonstrated

more effective and efficient steering through manual configu-
rations compared to the automated ones. Yet, concerns about
potential user-induced errors during manual configurations
express a need for group configurations and peer approval
mechanisms.

6 DISCUSSION

6.1 Combining Different Types of Explanations
for Effective Data Configurations

While our results favour global data-centric explanations over their
model-centric counterparts, we advocate a hybrid approach, ac-
knowledging the relevance of global model-centric explanations.
Considering the No Free Lunch theorem in ML [28, 84], we conjec-
ture its applicability to XAI where certain methods can elucidate
only specific dimensions of explainability. Furthermore, as our HYB
participants were the most successful in improving the prediction
model, merging both types of explanations can facilitate users to
obtain the most optimal prediction models for varied use cases.
We also propose including interactive visualisations that sum-
marise the training data, highlight interesting patterns in the data,
display the density distribution of the feature variables, delineate
the data quality and describe the data collection process for the data-
centric explanations. Regarding global model-centric explanations,
feature importance explanations should elucidate the impact of
specific features for elevating the risk of the medical condition (e.g.,
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diabetes) instead of simply showing the importance percentage of
the feature in the prediction process. We draw inspiration from
Wang et al. [80] and Bhattacharya et al’s [8] work for designing
these explanations.

Moreover, our qualitative study participants expressed a need
for local explanations. A fusion of global and local explanations can
be most useful for domain experts as local explanations provide
a better contextualisation of global explanations [81], which we
believe is essential for successful model steering. For example, local
data-centric explanations can bolster the validity of the top decision
rules by allowing users to access specific records that fulfil the rule.
Similarly, spotlighting abnormal data points in a specific record
along with the entire feature variable can help users distinguish
between the corrupted records and noisy feature variables that
should be excluded from the training data.

6.2 Importance of Manual and Automated Data
Configurations in EXMOS Systems

Although the goal of this research was to investigate the impact
of different global explanations during model steering, our results
revealed the importance of the different data configuration mech-
anisms included in our prototype. We found that these feedback
mechanisms encouraged users to explore the system better and,
consequently, develop a better mental model of the explanations
and the prediction model. Additionally, data configuration mech-
anisms can improve collaboration between medical researchers,
system developers and healthcare experts, who otherwise work
in silos, as they can effectively collaborate to understand the data
and the prediction models. Furthermore, we recommend EXMOS
systems to include both manual and automated configurations as
different users prefer different levels of control during data con-
figurations. However, future research should study the impact of
these different data configuration mechanisms in isolation to better
assess their impact on trust and understandability.

6.3 Design Guidelines for Explanations and
Data Configuration Mechanisms for Model
Steering

Based on the observations, results and participant feedback from our
user studies, we propose the following guidelines for the design of
explanations and data configuration mechanisms for model steering
by domain experts:

e Combining global data-centric and model-centric explanations:
The results of our user studies have highlighted the impor-
tance of combining global data-centric and model-centric
explanations. Therefore, we recommend combining these
different explanation types to empower healthcare experts
for effective model steering.

o Including local explanations to enhance the usefulness, under-
standability and actionability of global explanations: Consid-
ering the feedback of our participants, we propose combining
local explanations with global explanations to enhance their
usefulness, understandability and actionability. We posit that
incorporating different types of local explanations, includ-
ing counterfactual explanations, what-if explanations, local
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data-centric and model-centric explanations, as outlined in
Bhattacharya et al’s [8] work, can elevate the actionability
of global explanations.

Importance of abstraction when providing visual explanations:
Since an excessive number of visualisations in a single view
can be confusing and overwhelming, we suggest showing
only high-level summary information in the initial view.
It can include the sample size of the training data, feature
variable descriptions, prediction variable information, and
overall model performance. Elaborated global and local ex-
planations should be reserved for subsequent views. Any
technical details, such as the descriptions of the diverse data
issues, should be presented in cascaded drill-down views.
Furthermore, seamless navigation from global explanations
to local explanations should be ensured. The layer of abstrac-
tion can prevent visual information overload and encourage
more effective user exploration of the interface.

Detailed information on data issues is crucial for decision-
makers and researchers, but it should not be in the main expla-
nation dashboard: Our participant feedback underscores the
significance of comprehensive data quality information for
decision-makers such as doctors, lead nurses and researchers
involved in medical experimentation and validation. Never-
theless, this information is irrelevant for non-decision mak-
ers like health workers operating in clinical settings. Thus,
we recommend presenting this information in secondary
or tertiary drill-down views of the explanation dashboard
instead of the primary view.

Importance of disclosing the data collection process: We advo-
cate the importance of disclosing the data collection process
to elucidate the occurrences of abnormal data values and
noisy feature variables. This information can be shown in
the initial high-level summary view.

Allowing easy roll-back to any previous version during data
configuration: We suggest maintaining the data configuration
history and implementing a roll-back mechanism to any
previous configuration settings to promote higher adoption
of EXMOS systems in high-stake domains, such as healthcare.
Additionally, users should be able to override automated
configurations, revert to default settings and undo changes
seamlessly. However, the system should issue warnings if
data configurations lead to a substantial reduction in training
samples, as it can cause the prediction model to overfit or
underfit the data.

Importance of peer approval in model steering through man-
ual configuration: Along with an easy roll-back option, we
recommend providing a peer approval functionality, such
that proposed changes in the training data through manual
configurations can be reviewed by a panel of domain experts.
With this approach, individual users can propose changes,
while a panel of approvers comprising of decision-makers
such as lead doctors, lead nurses or medical researchers can
review, accept or even decline the proposed changes. Such a
group consensus process can safeguard against the removal
of important training data, preventing adverse effects on
prediction models during model steering through peer ap-
proval.



EXMOS

6.4 Limitations

The following are some limitations of this work:

(1) Institute-Centric Participant Recruitment: Although partici-
pants from the first study did not partake in the second one, the
recruitment was limited to the same institute for both studies. This
localised recruitment strategy could introduce potential biases that
we need to address in future research.

(2) Quantitative Study Sample Size: Although we validated our
participant sample size for our first study using standard guide-
lines [14], a broader study could reveal deeper insights into different
explanation methods and configuration mechanisms, thereby ele-
vating the statistical power for the obtained results. Considering
the limited availability of healthcare experts, we faced limitations
in expanding our participant pool for the quantitative study.

(3) Limitations Due to Participant Age Range: The majority of
the participants in both of our user studies were between 18-29
years. Despite being successful in including participants with varied
healthcare experience, the recruitment of older individuals for our
studies was limited. Consequently, the insights and feedback from
older age groups are not comprehensively addressed in our work.

(4) Unexplored Variation in Data Configuration Mechanisms: In
our user studies, we did not consider the different data configura-
tion mechanisms as another variable factor along with the different
types of explanations as this research focused on only exploring the
impact of different explanations. However, we acknowledge that
it is important to study the impact of these different data configu-
rations on trust and understanding of explanations and prediction
models as it could reveal more insights about their benefits and
disadvantages.

6.5 Future Work

In our future work, we plan to address these limitations while
pursuing new avenues for the improvement of EXMOS systems. We
will conduct a randomised control study to gauge the impact of the
data configurations on trust and understanding of the explanations
and model improvement. We will also investigate the joint influence
of global and local explanations in EXMOS systems. Our qualitative
study highlighted the importance of combining global and local
explanations, but we want to collect more quantitative evidence to
analyse the coexistence of global and local explanations in EXMOS
systems. For our future work, we also aspire to investigate the
influence of conversation-based explanations [47, 70]. and data
configuration mechanisms during model steering. We hypothesise
that conversation-based approaches will have a lower perceived
task load for improving prediction models than our current manual
configurations approach.

7 CONCLUSION

Our work introduces an EXMOS system that utilises diverse ex-
planation types to elucidate a diabetes prediction ML model. This
system empowered healthcare experts to fine-tune the model via
both manual and automated data configurations, leveraging do-
main knowledge. We delved into the influence of data-centric and
model-centric global explanations during model steering, target-
ing improved prediction models and measuring their impact on
trust, understanding, and data configuration approach. Findings
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from our user studies with healthcare experts indicate that global
model-centric explanations are insufficient and non-actionable.
Data-centric global explanations outperformed their model-centric
counterparts, particularly in understanding post-configuration sys-
tem changes. Nonetheless, combining data-centric and model-centric
global explanations proved more effective and efficient. Based on
our analysis, we share our design guidelines for explanations and
data configuration mechanisms for explanatory model steering.
Our work emphasises the importance of multifaceted explanations
and domain-expert driven data configurations for model steering.
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APPENDIX

A. Technical Implementation

Prototype Code and Demo Video:

The source code for our React.js based front-end web application, FastAPI Python based
backend application and deployment-ready docker configurations are available on GitHub:
https://github.com/adib0073/EXMOS. Please update necessary constant values, such as, the
Mongo DB connection string, collection names and application URL in EXMOS > app-api >
app > constants.py and EXMOS > app-ui > imports > ui > Constants.jsx to successfully launch
the applications.

Experimental Results of Machine Learning Algorithms:

We explored the following algorithms to build our machine-learning prediction model:
e Logistic Regression
e Support Vector Machines (SVM)
e K-Nearest Neighbours (kNN)
e Deep Neural Networks (DNN)
e Random Forest
o XGBoost
We selected accuracy as the metric for evaluating the models.

Algorithm Training accuracy Test accuracy
Logistic Regression 76% 79%
SVM 79% 78%
KNN 80% 77%
Random Forest ** 84% 80%
XGBoost 100% 73%
DNN 80% 77%

Table A1: Training accuracy and test accuracy for different algorithms after necessary hyper-
parameter tuning for the ML model for our XIL prototype system



We also experimented with state-of-the-art AutoML tools such as Azure Automated ML [55],
PyCaret [62], Deep Neural Networks using AutoKeras [39]. The results of the best models
from these AutoML tools are as follows:

AutoML Tool Algorithm Training accuracy| Test accuracy
Azure Automated ML Random Forest 83% 78%
PyCaret AutoML Logistic Regression 81% 77%
AutoKeras Structured Data Classifier 79% 73%
(AutoKeras)

** As presented in the table, the Random Forest model had the least overfitting and
underfitting effects. It was more generalised. So, we selected the Random Forest
models for our prototype. However, since our prototype included model-agnostic
global explanations and steering approaches, the choice of the prediction model does
not impact our design of the explanation dashboard or the data configuration
mechanisms.

High-Level Solution Architecture:

explanatory model steering
Healthcare Experts React.js Web Application using user feedback Python FastAPI Application

@ /\. store and retrieve
) ) ) @ configurations s
User interactions Interactions " =
r——- through REST API
& & Real-time MongoDB
e Predictions

updated predictions and

Users User Interface explanations based on new ML Engine
data configurations

Our prototype XIL system allowed healthcare experts to interact with a React.js web
application that provided explanations and allowed users to perform data configurations.
The web application interacted with a Python FastAPI application connected to a MongoDB
database through REST API calls. Separating the front-end user interface from the backend
ML engine helped us achieve real-time predictions and model retraining and updated
explanation generations without compromising the system performance.



B. User Study 1: Quantitative Study Protocols and Questions

Study Introduction

Informed Consent

Context Setting

Prototype demonstration through tutorial videos
Self-exploration of prototype

Demographic Questions

1. Age

2. Gender

3. Occupation

4. Experience in healthcare
5. Field of specialisation

Model Steering Task

The participants were given a model steering task in which they could perform any
configurations on the training dataset and re-train the model. Their goal was to maximise the
prediction accuracy after configuring the training data. They were given 15 mins time to
complete this task.

They could configure the ML model by the following approaches:

1. They could select/unselect risk factors and retrain the model with only relevant risk factors
which do not have any data issues (feature selection: manual configuration).

2. They could also filter and select the range of data values for each risk factor to remove any
abnormal value from the training data and retrain the system (feature filtering: manual
configuration).

3. They could also try auto-correcting the data issues and retrain the model to observe if the
prediction accuracy improved (auto-correction).

NASA-TLX Perceived Task Work Load Assessment
¢ Mental demand: How mentally demanding was the task
e Physical demand: How physically demanding was the task?
e Time demand: How hurried or rushed was the pace of the task?
e Performance: How successful were you in accomplishing what you were asked to do?
e Effort: How hard did you have to work to accomplish your level of performance?
e Frustration level: How insecure, discouraged, irritated, stressed, and annoyed were
you



Objective Understanding Assessment
1. Consider the following diagram to answer the questions:

Prediction Accuracy

82..

Overall

O Training Samples : 652
O Features Considered : 8

A 2% from previous score

A. Which of the following statements is correct:
i. Idon't know
ii. The Al system shows the prediction accuracy for the risk of
diabetics for a single patient
iii. The Al system shows the prediction accuracy for a group of
patients who are classified as diabetic or non-diabetic
iv. The Al system shows the prediction accuracy for a group of
patients who are classified as sick or healthy
B. Which of the following statements are correct:
i. The current system can only correctly predict the diabetic status
of 82 patients
ii. The previous prediction accuracy of the system was 80%
iii. The current system can only correctly predict for 82 diabetic
patients and 82 non-diabetic patients.
iv. | don't know
C. Which of the following statements are correct:
i. The current system can only correctly predict the diabetic status
of 82 patients
ii. If there are 1000 patient records in the database, the current
system is expected to predict the diabetes status of 820
patients correctly.
iii. The current system can only correctly predict for 82 diabetic
patients and 82 non-diabetic patients.
iv. 1don't know



2. Consider the following diagram to answer questions:

Diabetes Status Two-hour Serum Insulin (u Diastolic Blood Pressure (mm

Non-giabatic

Diabetic | 36 Diabetc - I 1

Non-diabetic 64

Plasma Glucose
Concentration (ma/d)

Bady Mass Index (kg/m" ] Number of Pregnancies Diabetes Pedigree Function

[]

A. How many features have been considered to train the model?
a. 6
b. 7
c. 8
d. 9
B. Which of the following features would you like to unselect for
improved prediction accuracy?
a. Age
b. Number of Pregnancies
c. Two-hour Serum Insulin
d. Diabetes Pedigree Function
C. Which of the following risk factors seem to have a more symmetrical
data distribution?
a. Two-hour Serum Insulin
b. Body Mass Index
c. Diabetes Pedigree Function
d. lIdon't know

3. Consider the following diagram to answer the question:

Diastolic Blood Pressure (mm
Hg] L

0 122 I : *
2

27.8 106 - ag

A. Which of the following is correct:
a. Diastolic blood pressure is not considered as a risk factor for
training the predictive model
b. The predictive model will be trained on patient data having a
diastolic blood pressure between 0 and 122 mm Hg



c. The predictive model will be trained on patient data having a
diastolic blood pressure between 27.8 and 106 mm Hg

d. Diastolic blood pressure of a non-diabetic patient is between 27.8
and 106 mm Hg.

4. Dashboard Specific Questions (These questions will be asked to the specific
groups.)

MCE:

Consider the following diagram to answer the question:

Plasma Glucose Concentration 44%
Body Mass Index |

Diastolic Blood Pressure

Age

Diabetes Pedigree Function
Two-hour Serum Insulin ;
Triceps skinfold thickness

Number of Pregnancies

According to the system, which one is the second most important risk factor
which can be controlled effectively by the patients:

a. Plasma Glucose Concentration
b. Age
c. Body Mass Index
d. I don't know
(or)
DCE:

Consider the following diagram to answer the question:

Two-hour Serum Insulin: (mu U/ml) Diabetes Pedigree Function:

. ) )
31.6 04

AVERAGE TS % ) AVERAGE [ =y

Number of Pregnancies: Body Mass Index: (kg/m*+2)
N )

3.9 .l 31.7 .

AVERAGE [ s AVERAGE R 5

Which of the following features can negatively affect the prediction accuracy:

Two-hour Serum Insulin
Diabetes Pedigree Function
Number of Pregnancies
Body Mass Index

o0 o



(or)
HYB: Will get both 6. MCE and 6. DCE question for 0.5 Mark each

Perceived Understandability Assessment (Hoffman et al. *)

Q1. | know what will happen the next time | use the system because | understand how it
behaves.

Q2. Although | may not know exactly how the system works, | know how to use it to make
decisions about the problem.

Q3. It is easy to follow what the system does.

Q4. | recognise what | should do to get the advice | need from the system the next time | use
it.

Perceived Trust Assessment (Cahour-Forzy scale : Hoffman et al. *)

Q1. What is your confidence in the Al system? Do you have a feeling of trust in it?
Q2. Are the actions of the Al system predictable?

Q3. Is the Al system reliable? Do you think it is safe?

Q4. Is the Al system efficient at what it does?

* Robert R. Hoffman, Shane T. Mueller, Gary Klein, and Jordan Litman. 2019. Metrics for
Explainable Al: Challenges and Prospects



Study Data and Analysis Scripts

The quantitative data collected from user study 1 and their corresponding analysis Python
notebook is provided in the "Study Data and Analysis® folder.

Non-significant Results From Study 1

1. Objective Understanding

8 _— _—
[72]
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Prototype Versions

We did not observe any statistically significant differences in the objective understanding
scores (H=0.79, p=0.67) using Kruskal-Wallis test.

2. Perceived understanding and trust

We also did not observe any statistically significant differences in perceived understanding
and trust.

25
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Perceived Understanding Scores
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Perceived Trust Scores

Eaies

DCE MCE HYB
Prototype Versions

The Kruskal-Wallis test scores for perceived understanding and trust are (H=0.32, p=0.85)
and (H=0.33, p=0.85) respectively. The following figure presents diverging bar charts
showing the distribution of 7-point Likert Scale responses to perceived understandability and
trust

Understandability Trust
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C. User Study 2: Qualitative Study Protocols and Questions

Study Introduction
¢ Informed Consent
e Context Setting
e Prototype Introduction
¢ Live demonstration of explanation dashboard and data configuration mechanisms
e Self-exploration of prototype



Demographic Questions

1. Age

2. Gender

3. Occupation

4. Experience in healthcare
5. Field of specialisation

Semi-Structured Interview Questions
1. What do you understand about the different visuals presented in this explanation
dashboard? What is the main information that you can get from each of them?

N

. Did you find it easy to understand the explanations?
Was the information easy/difficult to digest?
Was it easy/difficult to navigate?
3. What did you learn about the dataset used for training the Al model?

N

. Which category/information in the explanations was most helpful for you? Why?

5. Is there something that does not help you, or you felt less important to know?
- What else would you want in the explanations?

(o))

. Can you do anything to increase the prediction accuracy?

7. Out of the manual and automated control mechanisms provided in the system, which one
is more helpful to you? Why?

8. Which of the two control mechanisms was least useful to you? Why?

9. If healthcare experts are given the control to improve the ML model, how do you think it
can impact their trust in the system? How do you think it can impact their understanding of
the system?

9. What do you understand about these data issues?

10. Is it useful if the system provides information about the data issues? Why? How does it
help you?

11. If healthcare experts are informed about these data issues, how do you think it can
impact their trust in the system? How do you think it can impact their understanding of the

system?

12. Do you think these explanations can affect your trust and confidence in the system?
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