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Comparison of SHAP and clinician friendly
explanations reveals effects on clinical
decision behaviour
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Clinical decision-making substantially impacts patients’ lives and their quality of life. However, the
black-box nature of AI-powered clinical decision support systems (CDSSs) complicates the
interpretation of how decisions are derived. Explainable AI (XAI) improves acceptance and trust with
explanations, but the effectiveness of different methods remains uncertain. We compared the
acceptance, trust, satisfaction andusability of various explanatorymethodsamongclinicians.Wealso
explored the factors associated with acceptance levels for each item using trust, satisfaction and
usability score questionnaires. Surgeons and physicians (N = 63), who had prescribed blood products
before surgery, made decisions before and after receiving one of three CDSS explanation methods,
each comprising six vignettes, in a counterbalanced design. We found empirical evidence, which
indicates that providing a clinical explanation enhances clinicians’ acceptance than presenting
‘results only’ or ‘results with SHapley Additive exPlanations (SHAP)’. Additionally, trust, satisfaction
and usability were correlated with acceptance. This study suggests best practices for the strategic
application of the XAI–CDSS in the medical field.

A clinical decision support system (CDSS) is defined as ‘software that is
designed to be a direct aid to clinical decision-making, in which the char-
acteristics of an individual patient are matched to a computerised clinical
knowledge base and patient-specific assessments or recommendations are
thenpresented to the clinician or the patient for a decision’1. As considerable
medical data accumulate, various medical artificial intelligence (AI)-pow-
ered CDSSs are being introduced for tasks, such as diagnosis, prognosis
prediction and process optimisation. Their performance is often compar-
able to, or even exceeds, that of human experts2,3. AI-powered CDSSs have
outperformed traditional statistical methods in identifying nonlinear rela-
tionships, which are common in many clinical problems4. However, con-
cerns have been raised regarding the lack of interpretability in how these
results are derived5.

Clinical decision-making affects patients’ lives and their quality of life.
Healthcare professionals are trained to adhere to evidence-based practices

whenmaking decisions about their patients for good reasons6.However, the
black-box nature of AI-powered CDSSs complicates the interpretation of
howdecisions arederived7.This lackof interpretability hasbeen identified as
a critical barrier to realising the full potential of medical AI in healthcare,
despite its strong performance8,9.

Since the introduction of explainable AI (XAI), various meth-
odologies based on mathematical and technical principles have been
proposed. SHapley Additive exPlanations (SHAP) and local inter-
pretable model agnostic explanations (LIME) are the most exten-
sively used XAI methods 10,11. SHAP demonstrates the contribution of
individual predictions and can provide global surrogate explanations
for the overall behaviour of the model. LIME provides a local
explanation for any classifier or regressor near a specific instance
using interpretable models. These techniques have become the new
standards for AI adoption in the healthcare field12.
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Most AI-powered CDSSs provide clinicians with SHAP plots to
visualise how model predictions are derived. Some studies that utilised
SHAP with AI prediction models have concluded that it can be helpful in
clinical decision-making by providing objective results13,14. However,
research on how clinicians respond to AI systems based on the way infor-
mation is presented to them is limited15. This highlights the need for further
studies to expand our understanding of the explanation methods provided
by the system, which can influence clinicians’ decision-making processes.

This study aimed to: (1) compare the different explanation methods,
from AI-powered CDSS to clinicians and their effects, on acceptance, trust,
satisfaction and usability; and (2) explore factors related to clinicians’
acceptance of each item on the trust questionnaire, satisfaction ques-
tionnaire, and usability score.

Results
Overall, 63 physicians participated in the study. Among them, 37 (58.7%)
were females, 20 (31.7%) were surgeons, 24 (38.1%) worked in internal
medicine, 14 (22.2%) worked in emergency medicine departments and 5
(7.9%) worked in other departments. A total of 43 (68.3%) were residents, 11
(17.5%) were faculty members and 9 (14.3%) were fellows. Two-thirds of the
participants reported no prior experience in using medical AI, and
approximately three-fourths reported having limited prior knowledge. After
randomisation to minimise order effects, the participants’ characteristics
showed no statistically significant differences, except for caregivers’ special-
ities. The general characteristics of the participants are presented in Table 1.

Acceptance: weight of advice
Overall, 238 cases were excluded because the initial estimates and AI advice
were identical. The AI results-only (RO) group comprised 69 cases (6.08%),

whereas the AI results with SHAP plot (RS) group encompassed 85 cases
(7.50%), and the AI results with SHAP plot and clinical explanation (RSC)
group included 84 cases (7.41%). The average weight of advice (WOA)16 for
the RSC type of AI advice was 0.73 (standard deviation [SD] = 0.26), which
was statistically higher than the RS (mean = 0.61, SD = 0.33) and the RO
group (mean = 0.50, SD = 0.35) in the Friedman test and subsequent
Conover post-hoc analysis (Fig. 1).

Trust, satisfaction and usability of explanation
Across all metrics—Trust in AI Explanation, Explanation Satisfaction and
System Usability Scale—the RSC group presented significant benefits
compared to RO and RS groups (Fig. 2)

Figure 2a presented that the Trust Scale Recommended for XAI pro-
gressively increased across the three conditions: RO (mean = 25.75, SD =
4.50), RS (mean = 28.89, SD = 3.72) and RSC (mean = 30.98, SD = 3.55). A
Friedman test confirmed a statistically significant difference among con-
ditions (p < 0.001), with post-hoc Conover test indicating significant pair-
wise differences (p < 0.001). These results suggest that SHAP-based
explanations enhance user trust, with additional improvements when
clinical interpretation is provided. Statistically significant differences were
observed for all items on both the Friedman and post hoc Conover test, the
RSC group showed statistically higher scores than the RS and RO groups
across the following constructs of the Trust Scale Recommended for XAI:
confidence, predictability, reliability, safety, wariness, comparison with
novice humans and preference (p < 0.001). The detailed responses to each
item are shown in Supplementary Fig. 1.

A similar trend was observed for Explanation Satisfaction Scale.
Satisfaction scores increased from RO (mean = 18.63, SD = 7.20) to RS
(mean = 26.97, SD = 5.69), reaching the highest level with RSC

Table 1 | General characteristics of the study population

RO-RS-RSC
(N = 10)

RO-RSC-RS
(N = 11)

RS-RO-RSC
(N = 11)

RS-RSC-RO
(N = 11)

RSC-RO-RS
(N = 10)

RSC-RS-RO
(N = 10)

P value

Age 29.8 ± 3.9 33.5 ± 4.7 32.9 ± 3.6 35.4 ± 6.4 32.6 ± 2.9 33.1 ± 5.4 0.292

Sex 0.832

- Female 4 (40.0%) 7 (63.6%) 7 (63.6%) 6 (54.5%) 6 (60.0%) 7 (70.0%)

- Male 6 (60.0%) 4 (36.4%) 4 (36.4%) 5 (45.5%) 4 (40.0%) 3 (30.0%)

Department 0.039

- Surgery 3 (30.0%) 2 (18.2%) 4 (36.4%) 5 (45.5%) 3 (30.0%) 3 (30.0%)

- Internal medicine 6 (60.0%) 3 (27.3%) 6 (54.5%) 2 (18.2%) 2 (20.0%) 5 (50.0%)

- Emergency medicine 1 (10.0%) 1 (9.1%) 1 (9.1%) 4 (36.4%) 5 (50.0%) 2 (20.0%)

- Miscellaneous 0 (0.0%) 5 (45.5%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

Designation 0.923

- Faculty 0 (0.0%) 2 (18.2%) 1 (9.1%) 4 (36.4%) 2 (20.0%) 2 (20.0%)

- Fellow 1 (10.0%) 2 (18.2%) 2 (18.2%) 0 (0.0%) 3 (30.0%) 1 (10.0%)

- Resident 9 (90.0%) 7 (63.6%) 8 (72.7%) 7 (63.6%) 5 (50.0%) 7 (70.0%)

Professional experience (Months) 49.4 ± 21.9 60.5 ± 42.9 63.1 ± 28.7 96.9 ± 78.0 79.4 ± 43.0 74.6 ± 61.7 0.537

Number of transfusions Prescriptions (Pack/Month) 4.0 ± 3.4 5.4 ± 8.3 6.5 ± 5.4 3.6 ± 4.2 7.1 ± 7.7 6.0 ± 4.9 0.536

Artificial intelligence algorithm usage experience 0.516

- Exists 1 (10.0%) 3 (27.3%) 3 (27.3%) 4 (36.4%) 5 (50.0%) 4 (40.0%)

- Never 9 (90.0%) 8 (72.7%) 8 (72.7%) 7 (63.6%) 5 (50.0%) 6 (60.0%)

Prior knowledge regarding medical artificial intelligence 0.560

- Very high 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 2 (20.0%) 0 (0.0%)

- High 7 (70.0%) 5 (45.5%) 8 (72.7%) 6 (54.5%) 5 (50.0%) 6 (60.0%)

- Moderate 0 (0.0%) 3 (27.3%) 2 (18.2%) 2 (18.2%) 1 (10.0%) 2 (20.0%)

- Low 0 (0.0%) 1 (9.1%) 1 (9.1%) 2 (18.2%) 0 (0.0%) 0 (0.0%)

- Very low 3 (30.0%) 2 (18.2%) 0 (0.0%) 1 (9.1%) 2 (20.0%) 2 (20.0%)

RO result only, RS result with SHAP, RSC result with SHAP and clinical interpretation.
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(mean = 31.89, SD = 5.14). A Friedman test confirmed a significant effect
(p < 0.001),withpost-hoc analyses revealing significantdifferences across all
conditions (p < 0.001) (Fig. 2b). On the Explanation Satisfaction Scale, the
RSC group presented significantly higher scores than the other advice types
for all items, including understanding the algorithm’s operation, satisfaction
with the explanation, appropriateness of detailed information, completeness
of the explanation, understanding the usage method, utility of the expla-
nation, understanding the accuracy and trustworthiness of the explanation
(Supplementary Fig. 2).

ThemeanSystemUsability Scale (SUS)17 score for theRSCgroup72.74
(SD = 11.71), indicating good and acceptable usability. This score was sig-
nificantly higher than that of the RS (mean = 68.53, SD = 14.68) and RO
(mean = 60.32, SD = 15.76), both classified as marginally acceptable
(Fig. 2c). A Friedman test confirmed a significant difference among groups
(p < 0.001), with post-hoc analysis indicating significant improvements
from RO to RS (p < 0.001) and from RS to RSC (p = 0.025). Supplementary
Table 1 provides a detailed breakdown of item-level responses.

Correlation analysis
In the correlation between participants’ acceptance of the CDSS recom-
mendations and the trust, satisfaction and usability of the explanation
methods, statistically significant correlations were observed across all items
exceptwariness18.We foundamoderate correlation for the construct of trust
in ‘predictability (r = 0.463)’, ‘comparison with novice human (r = 0.432)’,
‘preference (r = 0.431)’, ‘confidence (r = 0.429)’, ‘efficiency (r = 0.427)’ and
for the construct of explanation satisfaction in ‘appropriateness of detailed
information (r = 0.431)’, ‘trustworthiness of the explanation (r = 0.414)’,

‘utility of the explanation (r = 0.412)’, ‘completeness of the explanation
(r = 0.41)’, ‘satisfaction of the explanation (r = 0.41)’, ‘understanding of the
algorithm’s operation (r = 0.408)’; as well as ‘SUS score (r = 0.434)’. Weak
correlations were found for ‘safety (r = 0.396)’, ‘reliability (r = 0.353)’ and
‘wariness (r =−0.183)’ for trust; and ‘understanding of the usage method
(r = 0.397)’ and ‘understanding of accuracy (r = 0.328)’ for explanation
satisfaction (Fig. 3).

Post-hoc analysis
We performed subgroup analyses to evaluate whether clinician experience
levels and departmental differences influenced the primary and secondary
outcomes. Across clinician experience levels and departments, the overall
pattern was consistent with the primary findings, demonstrating a clear
directional trend (RSC > RS > RO) in WOA, trust, explanation satisfaction
and usability scores (Supplementary Tables 2 and 3). Although subgroup
sizes were limited, this consistency supports the robustness of our main
results regardless of clinician experience level or department. However,
small sample sizes in certain subgroups resulted in analyses not reaching
statistical significance; therefore, caution is necessary when interpreting
these subgroup-specific results.

We additionally conducted the mean absolute decision change to
include all previously excluded cases in WOA analysis. There was a sig-
nificant differenceamong the three explanationmethod (p = 0.014)with the
largest mean absolute decision change observed in the RSC (mean = 1.43,
SD = 0.89), followed by RO (mean = 1.23, SD = 1.01) and RS (mean 1.21,
SD = 0.93). These findings further support the robustness of our main
findings.

Fig. 1 | Friedman and Conover’s post-hoc analysis of the weight of advice.Mean
WOA is shown for each of three conditions with violin outlines indicating the
distribution across participants, coloured dots representing individual means and

grey lines connecting each participant’s scores across conditions. Abbreviations:
WOA weight of advice, SHAP SHapley Additive exPlanations.
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Discussion
XAI plays a crucial role in enhancing trust and transparency, enabling users
to accept AI recommendation19. However, an uncharted gap remains
between the explanations provided by AI-based CDSS developers and
clinicians’ understanding. Moreover, there is no consensus on how

explanation formats affect clinicians’ acceptance to AI suggestions13,20. This
study evaluated how different explanation formats—RO, RS, RSC—influ-
ence clinicians’ acceptance and potential factors that can affect acceptance
using a CDSS designed to predict perioperative blood transfusion require-
ments. Our results showed that the RSC condition significantly improved

Fig. 2 | Comparison of clinicians’ trust, satisfaction, and usability across explanation formats. Friedman and Conover’s post-hoc analysis of the ‘(a) Trust Scale
Recommended forXAI’, ‘(b) Explanation SatisfactionScale’, ‘(c) SystemUsability Scale’. Abbreviations:XAI explainable artificial intelligence, SHAPSHapleyAdditive exPlanations.

https://doi.org/10.1038/s41746-025-01958-8 Article

npj Digital Medicine |           (2025) 8:578 4

www.nature.com/npjdigitalmed


WOA, trust, explanation satisfaction and usability compared to the RO and
RS conditions. These findings offer actionable insights for CDSS developers
by providing practical guidance on selecting explanation formats to support
clinical implementation.

Prior studies have reportedmixedfindings on the effects of explanation
formats. In a CDSS predicting gestational diabetes risk, providing either
feature contribution-based or example-based explanations did not lead to
significant differences in WOA13. Similarly, in a medication prescribing
scenarios, clinicians’ acceptance did not differ significantly between AI
recommendations presented alone and those accompanied by
explanations21. This suggests that simple or fragmented explanations to AI
recommendations are insufficient to influence expert leveldecision-making.
Meanwhile, a study has reported that explanation format could influence
clinicians’ behaviour to AI-based CDSS22. In this multi-centre study con-
ducted in the radiology field22, local explanations that highlighted X-ray
image regions led to faster agreement and reduced decision time compared
to case-based explanations referencing similar cases. However, the study
focused on time and diagnostic accuracy, rather than directly assessing
acceptance behaviour using measures such as the WOA, which limits the
generalisability of its findings to acceptance-related outcomes.

The potential of CDSS cannot be realised without clinician
acceptance23. Our study provides empirical evidence that presenting SHAP-
based explanations in a clinical narrative format significantly improves
clinicians’ acceptance, trust, explanation satisfaction and usability of AI-
basedCDSS. TheRSCcondition,which integrates SHAPvisualisationswith
natural language explanations, consistently outperformed both the RO and

RS conditions across all outcomes and subgroups. Trust, satisfaction and
usability scores were moderately correlated with WOA, suggesting that
these factorsmaymediate clinicians’ acceptance behaviour.However, as this
study is correlational, causal interpretations are limited. To address this,
more sophisticated mental models are needed to explain how clinicians
interpret AI explanations and apply them to clinical decision-making. Such
models may serve as design blueprints for future CDSS, supporting both
clinical adoption and system effectiveness. The explanation approach pro-
posed in this study aligns with theDoReMi framework24, which emphasises
user-centred requirements and reusable design patterns for XAI.

TheAI-CDSSused inour study generatedexplanations by selecting the
top three SHAP values in a rule-based manner. In some real-world clinical
cases, this method could result in explanations that are unnatural or poorly
contextualised. To overcome these limitations, recent approaches have
incorporated large language models (LLMs) to generate more human-
centred narrative explanations from SHAP outputs. LLMs excel at gen-
erating natural, conversational language that closely resembles human
communication, making them well-suited for improving the clarity and
accessibility of AI-based CDSS explanations25. A study attempted to pre-
serve explanation quality by using LLMs to translate SHAP results into
natural language26. Similarly, another study approach used GPT-4 to gen-
erate narrative explanations by prompting it with model predictions, input
features, and SHAP values27. In that study, 90% of lay users evaluated the
explanations positively, and83%of data scientists believed theoutputwould
be helpful for non-experts27. Although these studies were conducted in non-
medical domains such as finance, their outcomes suggest that this approach

Fig. 3 | Correlation between mean weight of advice and scores from the System
Usability Scale, Trust Scale Recommended for XAI and Explanation
Satisfaction Scale. Repeated-measures correlation coefficients (with 95% con-
fidence intervals) between mean weight of advice and scores on each item of the

Trust Scale Recommended for XAI and the Explanation Satisfaction Scale, as well as
the overall score of the System Usability Scale, are shown as horizontal bars. A
vertical dashed line indicating no association.
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is worth exploring in clinical contexts. Comparative studies of clinician
responses to explanations fromLLM-based versus rule-based CDSS remain
a key direction for future research.

Our study had several limitations. First, the eligibility criteria and
participant characteristics in this study may limit the generalisability of our
findings. The simulation was conducted in a tertiary academic hospital,
where 30% of participants had prior experience with AI in clinical practice.
To preserve realism in perioperative transfusion decisions, we excluded
clinicians without experience prescribing blood products. However, it may
have reduced the applicability of our findings to novice clinicians and set-
tings without AI-based CDSS. Although subgroup analyses showed trends
consistent with the main findings, small sample sizes in each subgroup
limited the statistical power to confirm significance across all groups. In
summary, future studies should broaden inclusion criteria and diversify
settings to better assess the applicability of these findings.

Second, due to experimental complexity constraints, we could not
include the following conditions in our study design: (1) an independent
‘clinical explanation alone’ group, as clinical explanations in this study were
directly derived from SHAP outputs; and (2) alternative widely used XAI
methods such as LIME or counterfactual explanations. Further research is
necessary to comprehensively assess the relative effectiveness and gen-
eralisability of these different XAI approaches.

Third, we cannot rule out the possibility that financial incentives may
have influenced response quality.

In conclusion, our study demonstrates that integrating natural
language-based clinical explanations into AI-based CDSSs can significantly
improve clinicians’ acceptance, trust, satisfaction and usability. Using a
CDSS developed to predict personalised red blood cell transfusion needs in
thoracic surgery patients, we found that the RSC condition consistently
outperformed both RO and RS formats across all evaluationmetrics. These
findings underscore the importance of delivering AI outputs in clinically
meaningful and understandable formats. The observed correlations
between trust, satisfaction, usability and acceptance suggest that enhancing
the quality and clarity of explanations can drive greater clinician engage-
ment with AI systems. To translate these insights into real clinical practice,
AI-based CDSS developers should design explanation formats that are
clinically relevant and easy for clinicians to interpret. In parallel, hospitals
should provide training to help clinicians understand and apply these
explanations effectively, rather than relying solely on technical
visualisations.

Methods
Introduction to the ‘pMSBOS-TS’ CDSS
In our previous work, we introduced an AI algorithm named ‘precision
maximum surgical blood ordering schedule-thoracic surgery (pMSBOS-
TS)’28. This extreme gradient-boostingmodel precisely predicts the demand
for red blood cells (RBC) in thoracic surgery patients. This algorithm
demonstrates promising performance in improving both the efficient use of
blood products and patient safety by reflecting patient-specific decision
processes. We developed an AI-powered CDSS using this model as the
reasoning engine. The output of the pMSBOS-TS CDSS includes the pre-
dicted blood requirement AI outcome value, SHAP and a clinical expla-
nation of the top three features from the SHAP value (Fig. 4).

Study setting
The simulation studywas conducted at a tertiary academic hospital in Seoul,
Republic of Korea. The inclusion criteria were surgeons and physicians who
had prescribed any blood product before surgery within the past 5 years.
This recruitment criterion was intentionally set to ensure participants could
make realistic and clinically meaningful judgements in perioperative
transfusion scenarios presented through the vignettes, based on their direct
clinical experience. Clinicians without experience in prescribing blood
products were excluded.

The sample size was calculated using G*Power software (version
3.1.9.7)29, considering that participants would repeatedly evaluate all three

methods.An initial sample size of 55participantswas calculated basedonan
moderate effect size (F) of 0.20, a significance level (α) of 5%, a power (β) of
0.9, correlation among repeated measures of 0.50 and assuming perfect
sphericity (ε = 1.0). Considering a dropout rate of 20%, the final target
sample size was 66.

Study protocol and vignette experiment
Eighteen distinct clinical vignettes were created, simulating patients
scheduled for thoracic surgery. Our study employed a repeated-measures,
within-subject experimental design, wherein each participant experienced
all three experimental conditions: (1) Results Only (RO), (2) Results with
SHAP visualisations (RS) and (3) Results with SHAP visualisations and
Clinical explanations (RSC). Specifically, each participant reviewed six
distinct vignettes per condition, totalling 18 vignettes per participant. For
each vignette, participants initially estimated the number of RBC packs
required, then made a final decision after reviewing the advice from the
CDSS presented in one of the three explanation formats.

To minimise potential order effects30, such as learning or fatigue, we
employed a systematically counterbalanced design (Fig. 5). Participants
were randomly assigned to one of six groups, each experiencing the three
explanation conditions in a different sequence. After reviewing each con-
dition (block of six vignettes), participants completed questionnaires mea-
suring trust, satisfaction and usability related to the CDSS explanation
method they had just experienced. This process was repeated until all three
conditions were completed.

Upon completing the study, participants were compensated with
50,000 Korean won (approximately $36). The compensation was deter-
mined based on our institutions’ standard practice and the average hourly
rate for clinicians’ time.

Outcomes
The primary outcome was the WOA, which measures the degree of
acceptance of decision-making before and after receiving CDSS
suggestions16.

The formula for calculating WOA is as:

WOA¼ jFinal estimate�Initial estimatej
jAdvice�Initial estimatej

In this calculation, if the initial estimate equals the valueobtainedby the
algorithm, the denominator becomes zero and the WOA cannot be calcu-
lated; therefore, it is excluded from the analysis and the average for eachpart
is derived. TheWOA ranges from 0 to 1, where 0 implies that the initial and
final estimates are identical, indicating that the CDSS does not influence the
decisions. In cases where the WOA value was >1 (e.g. when the initial
estimate was 3, the AI’s advice was 5, while the clinicians’ final estimation
was 7, resulting WOA of 2), the WOA is capped at 1, indicating full
acceptance of the AI’s advice.

The secondary outcomes were trust, satisfaction and usability, mea-
sured using the ‘Trust Scale Recommended for XAI’, ‘Explanation Satis-
faction Scale’ and SUS, respectively17,31. All instruments used in this study
were rated on a 5-point Likert scale.

An additional exploratory outcome, termed the ‘mean absolute deci-
sion change’ was proposed as a post-hoc measure to evaluate decision
changes even in cases where WOA was not calculable. This index was
defined as themean absolute difference between each participant’s final and
initial decisions.

Statistical analysis
First, for each type of AI advice, the mean WOA was calculated for each
participant. Trust and satisfaction with the explanations were scored based
on individual items using the respective instruments. Additionally, the SUS
score was computed for each type of AI advice.

The differences between the types of AI advice were tested
accordingly. Considering that all participants were required to respond to

https://doi.org/10.1038/s41746-025-01958-8 Article

npj Digital Medicine |           (2025) 8:578 6

www.nature.com/npjdigitalmed


all three types of AI advice, the data comprised repeated measures. Given
that the assumptions of normality and homogeneity of variance were not
met for all variables, the Friedman test was applied as a nonparametric
alternative to assess the differences. When significant differences were
confirmed, a post-hoc Conover test was conducted to identify specific
group differences. A p value of 0.05 was used to determine the statistical
significance of all analyses.

Then, we applied a repeated-measures correlation (RMCORR) to
examine the relationships between acceptance and trust, explanation
satisfaction and usability18.

Explorative descriptive subgroup post-hoc analysis were conducted.
Participants were stratified according to the clinician experience level
(resident, fellow, faculty member) and the clinical department (surgical
department, internal medicine, emergency medicine and miscellaneous
department). Within each subgroup, we re-examined the WOA as well as
trust, explanation satisfaction and usability. Additionally, themean absolute
decision change was analysed as a post-hoc measure, allowing inclusion of
previously excluded cases due to identical initial estimates and AI advice.

All statistical analyses were performed using R software (version 4.1.1;
R Core Foundation, Vienna, Austria)32.

Fig. 4 | Configuration of the output section of the pMSBOS-TS CDSS (Reused
with permission from the authors’ prior work: Hur et al.28). Abbreviations: AMI
acute myocardial infarction, aPTT activated partial thromboplastin time, Hb

haemoglobin, MSBOS maximum surgical blood order schedule, PT (INR) pro-
thrombin time-international normalised ratio.
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