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1 Introduction

AI holds promise for improving human decision making in a wide range of domains [2, 16, 19, 31, 34].
Radiology is a representative example as AI outperforms or shows comparable performance with
experts [11, 17, 24, 28, 30, 32, 33, 38]. Rather than complete automation, there is growing consensus
that AI’s optimal role in the near future will serve as an assistance tool for human radiologists in
clinical decision making [1, 10, 22, 25]. On the one hand, legal and regulatory challenges stand in
the way of full automation. On the other hand, human AI collaboration has the potential to achieve
complementary performance, where human experts can leverage their contextual knowledge and
expertise to correct AI mistakes in ways that could surpass either human or AI performance alone.
However, the actual utility of integrating AI assistance tools in clinical settings remain poorly

understood. In particular, very few studies examine the effectiveness of AI assistance in real clinical
decision-making with domain experts [3, 26]. In this work, we conduct an in-depth collaboration
with radiologists and focus on the case of prostate cancer diagnosis. Prostate cancer diagnosis with
magnetic resonance imaging (MRI) remains one of the most difficult tasks for radiologistsÐeven
experienced onesÐand inter-reader variability is high [6, 7]. Such complexity makes prostate MRI
an ideal testbed for studying how AI assistance may complement human expertise. If AI can help
reduce radiologists’ mistakes here, it is plausible that similar technology could be effective in other
radiology tasks as well.

We run human studies with domain experts to directly understand AI tool integration in radiology
workflow, particularly for challenging diagnoses like prostate cancer. We investigate two key
questions:

Q1: Can AI-assistance help humans achieve higher diagnostic accuracy than either human experts

or AI systems alone?

Q2: How does AI-assistance shape human decision making beyond decision accuracy?

To answer these questions, we conducted pre-registered human subject experiments with domain
experts, specifically board-certified radiologists (N=8), focusing on prostate cancer diagnosis with
AI assistance. We first trained a state-of-the-art AI model [12] for prostate cancer detection from
MRI scans. The AI model is able to provide both diagnostic predictions and lesion annotation
maps for positive cases as assistance for radiologists. To simulate real-world clinical practice, we
designed and implemented two distinct workflows, see Fig. 1 for an overview of the design of
our human studies. Building on existing tools for teaching prostate cancer diagnosis, we also
developed a web-based diagnostic platform that enables radiologists to review MRI scans and
annotate suspicious cancer lesions seamlessly.

In Study 1, radiologists each evaluated 75 cases in a three-step process. For each case, they first
made independent diagnoses, which helped us to establish baseline human performance. Then,
they were shown the AI’s predictions. In the final step, they are asked to finalize their decisions
after reviewing AI predictions. In Study 2, we introduced a novel element: before starting their
evaluations, radiologists first received detailed individual performance feedback from Study 1, as
shown in the screenshot in Fig. 2c. This feedback included various metrics of their own performance,
AI’s performance, and their AI-assisted performance. To ensure engagement with this feedback,
participants completed attention checks about their performance metrics before proceeding with
new cases. This design allowed us to systematically examine how performance awareness influences
radiologists’ interaction with AI assistance. Moreover, for each case diagnosis, AI assistance was
provided directly to radiologists without them making independent diagnosis.
These two distinct workflows represent common scenarios in the deployment of AI assistance

tools in clinical practice and their evolution over time. Study 1 simulates an approach often
regarded as responsible, as it allows radiologists to form independent opinions before consulting AI
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predictions. This approach may be particularly relevant during early deployments, since radiologists
may prefer minimal intervention to exercise caution. Over time, the performance information will
become available in a local scenario that retains the same distribution of doctors and patients as in
the earlier integration of AI tools. Through the design of Study 2, we can investigate how both the
timing of AI assistance and awareness of comparative performance metrics influence diagnostic
accuracy and radiologists’ integration of AI recommendations.
Our findings are consistent with prior studies on human-AI decision making. Human+AI out-

performs human alone, showcasing the positive utility of AI assistance. However, Human+AI
underperforms AI alone, largely driven by under-reliance. Although performance feedback and
upfront AI assistance nudged radiologists to incorporate AI predictions more frequently, we did not
observe statistically significant improvements in metrics such as area under the receiver operating
characteristic curve (AUROC/AUC) or accuracy. We further investigate the effect of ensembling
decisions. A promising finding is that the majority vote of Human-AI teams can outperform AI
alone, achieving complementary performance. This observation points to exciting opportunities to
identify insights into optimal ways to facilitate human-AI decision making.
To summarize, we make the following contributions:

• We conduct an in-depth collaboration with domain experts and design two experiments to
study the effect of AI-assistance on expert decision making.

• We demonstrate that while human+AI outperforms human alone, they fall short of AI alone,
similar to prior studies with crowdworkers.

• We present potential opportunities in leveraging the collective wisdom of human-AI teams.

2 Related work

Human-AI decision making. There is a growing interest in the research community to augment
human decision making with AI assistance [19]. Typically, the tasks of interest are situated in high-
stakes domains such as medicine, law, and finance, where AI-assisted decisions can have significant
consequences. However, due to constraints related to resources and the simplicity of participant
recruitment, the majority of empirical studies in this area are conducted with crowdworkers or
laypeople without expertise. For instance, instead of involving real judges, researchers have explored
recidivism prediction as a testbed for Human-AI decision making using crowdworkers [4, 9, 20].
Similarly, in the medical domain, experiments on disease diagnosis have been conducted with
laypeople, such as students [21]. In finance, studies have utilized crowdworkers for tasks like
income prediction [39], loan approval [9], and sales forecasting [8]. In some cases, researchers
have substituted real-world tasks with entirely artificial ones to facilitate experimentation with
crowdworkers, such as alien medicine recommendation [18].

While crowdworkers offer a convenient participant pool, it remains unclear if findings based on
these populations generalize to domain experts in real cases. In our work, we work directly with
domain experts.

Human-AI decision making with experts in the clinical context. There have been several
studies with healthcare professionals in the clinical context, but experiments focused on human-AI
complementary performance remain limited. While several studies have shown that AI assistance
can improve diagnostic accuracy [13, 23, 35ś37], the experts behavior in human-AI collaboration
are underexamined. Existing research also reveals complex performance trade-offs: some studies
reveal important trade-offs, such as improved sensitivity at the cost of reduced specificity [14, 27].
Some studies explicitly demonstrated that the performance of human-AI performance falls short
of AI alone [15, 29]. To the best of our knowledge, the only work that achieves complementary
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Labels/annotations. Case labels were obtained from three sources: biopsy-confirmed results (from
systematic, magnetic resonance-guided biopsy, or prostatectomy), human-expert annotations, and
AI-derived annotations [5]. Out of the original 1500 cases, 1001 has biopsy confirmed case-level
labels. Out of the 425 positive cases, 220 have human expert annotations, with the remaining anno-
tated by AI. We prioritized human expert annotations when available, defaulting to AI annotations
otherwise. Ground truth case-level labels are approximately accurate, with 66.7% (1001/1500) cases
having biopsy results. Lesion-level annotations are less accurate due to the practical challenges of
annotating all lesions in the large dataset. For all of our testing patient cases, case-level labels are
derived from biopsy results. Lesion-level annotations are derived by experts (trained investigators
and resident, supervised by expert radiologists), using all available clinical data. This includes MRI
scans, diagnostic reports (radiology and pathology), and whole-mount prostatectomy specimens or
other biopsy results when available.

3.2 AI model & performance

We use the established nnU-Net model [5, 12] as our AI model, trained from scratch with our
own splits. We ensure that all testing examples have pathology groundtruth. Training examples
have a mixture of different types of labels: pathology groundtruth, human expert labeled csPCa
and delineation of the lesion area, and AI-labeled csPCa and lesion area [33]. The AI standalone
performance on the testing sets for both studies is shown in Table 1. The AI model achieves an
AUROC of 0.910 in the training set, 0.730 and 0.790 respectively for the study 1 and study 2 testing
set. Note that all testing examples have pathology groundtruth while as training sample have a
mixture of pseudo labels. For comprehensive details on the AI model’s training configurations and
performance metrics, please refer to appendix A.

3.3 Human-AI Decision Making Interface

We developed a webapp to conduct the human-study. Participants can log in with their name and
email. They will see a consent page when they log in for the first time. Once they give the consent,
they will enter the study and see our study interface. A screenshot of the consent page can be found
in appendix Fig. 9. Our human study is pre-registered and approved by the Institutional Review
Board (IRB).

Study interface. Our study interface has three major components: the View Panel on the left, the
Control Panel on the right, and the Annotation Panel as a pop-up in the center of the screen. The
interface is shown in Fig. 2a. In the View Panel, we display three image sequences (T2W, ADC,
BWI) from the MRI scans of the current case. In the Control Panel, participants are informed about
the current study (study 1 or 2) and provided with control buttons to make decisions or proceed
to the next steps. Binary case-level AI predictions are also presented in this panel. Participants
make their own predictions by clicking the buttons (‘Annotate Cancer" for positive cases and “No
Cancerž for negative cases) and indicate their confidence level using a sliding bar. If a participant
believes the case is positive, they click the "Annotate Cancer" button, which triggers a pop-up
window (Annotation Panel) displaying enlarged images from the T2W sequence of the current
case, allowing participants to annotate the suspicious lesion areas. Participants can annotate any
suspicious lesions by freely drawing on any image slice, using the sidebar to navigate between
slices. The annotation interface is illustrated in Fig. 2b.

Performance feedback. In Study 2, the first page after the login page will be the performance
feedback page, as shown in Fig. 2c. This page provides detailed individual feedback on their
performance from Study 1. The feedback includes both case counts and performance metrics.
Specifically, we present the total number of cases completed by the participant, the number of
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3.4 Experimental Design

To evaluate the effectiveness of AI assistance, we conduct two studies with practicing radiologists
(𝑁 = 8). An overview of our experimental workflow is shown in Fig. 1.

Participant demographics, including experience levels, are detailed in Appendix B. Participants
are recruited through interest forms distributed at the annual conference of RSNA (Radiological
Society of North America), one of the largest radiology conferences in the world. We also use
snowball recruiting, where participants refer colleagues and peers in their network. All participants
are practicing radiologists and come from different regions (US and Europe), and all US-based
participants are board-certified.

Study conditions. Our experiments include three main conditions to evaluate radiologist perfor-
mance:

• Human-only (Study 1): Independent diagnosis without AI assistance.
• Human+AI (Study 1): Diagnosis made after independent diagnosis and reviewing AI predic-
tions.

• Human+AI (Study 2): Diagnosis made with AI predictions shown upfront, with prior
feedback on individual performance metrics at the beginning of the study.

In Study 1, participants complete 75 test cases. After logging in and signing the consent form,
we provide a toy case to familiarize participants with the interface and workflow. For each of the
test cases, participants first make an independent diagnosis (human-only condition). Then they
review the AI prediction and annotations. Participants have a chance to update and finalize their
diagnosis before moving on to the next case (Human+AI condition for Study 1).

Between Study 1 and Study 2, we set a minimummemory wash-out period of 30 days to eliminate
any recall effects. The actual period varies because participants complete the study at their own
pace.
In Study 2, participants begin by reviewing a summary of their performance metrics from the

Human+AI condition in Study 1. This feedback includes key metrics and interaction statistics to
encourage reflection on their interaction with AI. To ensure engagement, participants answer an
attention check question about the feedback before proceeding. Study 2 consists of 100 cases, 50
randomly sampled from Study 1 and 50 new cases from a separate test pool. Different from Study 1,
AI predictions and annotations are shown upfront, and participants either accept the AI diagnosis
or make modifications (Human+AI condition for Study 2).
Both studies conclude with an exit survey.

3.5 Metrics and Statistical Testing Methods

Patient level metrics.We evaluate the performance using AUROC, accuracy, sensitivity/recall,
specificity, negative predictive value (NPV), and positive predictive value (PPV)/precision, based on
the predictions of Cancer vs. Non-Cancer for each case. NPV is the proportion of cases predicted
as Non-Cancer that are correctly classified. PPV/precision is the proportion of cases predicted as
Cancer that are truly cancerous.

Lesion level metrics. Note that lesion-level analysis focuses only on identified lesions (i.e., no
true negatives), only accuracy, sensitivity, and PPV can be calculated at that level. Prostate MRI
consists of 3-D images, where lesions may span across multiple slices (images). For each 3-D
connected lesion, we calculate lesion-level hits or misses based on a 10% overlap between predicted
annotations vs. groundtruth annotations, for both AI and human alike.

Statistical testing methods. We perform bootstrapped 𝑧-tests on the mean differences of metrics.
For each condition, bootstrapping is conducted by resampling with replacement over 10,000 itera-
tions, using a sample size of 400 for population-level analysis and 50 for participant-level analysis.
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Table 1. Performance comparison between AI, Human, and Human+AI for identifying csPCa from MRI scans.
For each metric, the means, 95% confidence intervals, and number of instances are reported. The reported
values and instance counts represent averages across eight radiologists. All confidence intervals are derived
using bootstrap methods. 𝑝-values are calculated using the bootstrap 𝑧-test with a significance threshold of
𝛼 = 0.05.

Per-patient Analysis

Study 1 Study 2

AI Human Human+AI
P (AI>Human)1

P (Human+AI>Human)
P (AI>Human+AI)

AI Human+AI
P (Human+AI>Human)

P (AI>Human+AI)

AUROC
0.730

[0.686, 0.772]

0.674
[0.627, 0.719]

0.701
[0.656, 0.746]

0.023∗/0.033∗/0.131
0.790

[0.751, 0.829]

0.732
[0.689, 0.776]

0.036∗/0.005∗

Accuracy
69.3%

[0.647, 0.738]

52/75

63.2%
[0.585, 0.677]

47/75

66.2%
[0.615, 0.708]

50/75
0.013∗/0.009∗/0.103

76.0%
[0.718, 0.800]

76/100

69.6%
[0.650, 0.743]

70/100
0.026∗/0.003∗

Sensitivity (Recall)
82.6%

[0.757, 0.891]

19/23

78.3%
[0.708, 0.853]

18/23

80.4%
[0.732, 0.874]

18/23
0.171/0.207/0.299

87.5%
[0.815, 0.930]

28/32

83.2%
[0.765, 0.896]

27/32
0.163/0.111

Specificity
63.5%

[0.577, 0.690]

33/52

56.5%
[0.507, 0.622]

29/52

59.9%
[0.542, 0.655]

31/52
0.021∗/0.009∗/0.125

70.6%
[0.651, 0.759]

48/68

63.2%
[0.575, 0.691]

43/68
0.052/0.006∗

NPV
89.2%

[0.847, 0.933]

33/37

85.9%
[0.803, 0.904]

29/34

88.0%
[0.826, 0.919]

31/36
0.081/0.108/0.220

92.3%
[0.886, 0.958]

48/52

89.3%
[0.842, 0.932]

43/48
0.159/0.052

PPV (Precision)
50.0%

[0.431, 0.569]

19/38

44.7%
[0.378, 0.509]

18/41

47.1%
[0.403, 0.537]

18/39
0.014∗/0.012∗/0.105

58.3%
[0.514, 0.654]

28/48

51.9%
[0.447, 0.585]

27/52
0.066/0.003∗

Per-lesion Analysis2

Study 13 Study 2

AI Human Human+AI
P (AI>Human)

P (Human+AI>Human)
P (AI>Human+AI)

AI Human+AI
P (Human+AI>Human)

P (AI>Human+AI)

Accuracy
35.4%

[0.307, 0.403]

17/48

25.7%
[0.212, 0.297]

13/53

28.5%
[0.240, 0.330]

15/51
0.001∗/0.168/0.019∗

36.9%
[0.323, 0.417]

24/65

33.8%
[0.292, 0.385]

22/66
0.005∗/0.170

Sensitivity (Recall)
73.9%

[0.675, 0.800]

17/23

58.4%
[0.509, 0.658]

13/23

63.4%
[0.561, 0.706]

15/23
0.001∗/0.176/0.015∗

72.7%
[0.665, 0.787]

24/33

67.4%
[0.608, 0.737]

22/33
0.036∗/0.121

PPV (Precision)
40.5%

[0.353, 0.456]

17/42

31.5%
[0.261, 0.361]

13/43

34.4%
[0.290, 0.394]

15/43
0.005∗/0.202/0.045∗

42.9%
[0.377, 0.482]

24/56

40.6%
[0.350, 0.456]

22/55
0.006∗/0.247

1𝑝-values compare the performance of different conditions using bootstrap 𝑧-test. In Study 1, a paired test is

conducted on 75 cases, where each case is evaluated by both Human Alone and Human+AI. In Study 2, an

unpaired test is performed, comparing the performance on 75 Human Alone cases and 100 Human+AI cases.
2Note that the lesion-level analysis should be interpreted with caution compared to the per-patient analysis.
Since lesion-level analysis excludes true negatives (TNs), we only calculate metrics that do not rely on TNs,
i.e. accuracy, sensitivity and PPV.
3For study 1 lesion-level human results, one radiologist’s results were excluded because they used our
annotation tool incorrectly.

We calculate the 95% confidence intervals and 𝑧-statistics from the bootstrapped samples to conduct
hypothesis testing. Paired testing is performed when the data involve the same participants and
cases; otherwise, unpaired testing is used. We compute and report one-tailed 𝑝-values, applying a
significance threshold of 𝛼 = 0.05.
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Table 2. Performance comparison between AI, Human, and Human+AI (study 1 and 2) for the common
50-case subset. 𝑝-values are calculated using the bootstrap 𝑍 -test, with a significance threshold of 𝛼 = 0.05.

Study 1 Study 2

AI Human Human+AI
P(AI>Human)

P(Human+AI>Human)
P(AI>Human+AI)

Human+AI
P(Human+AI>Human)

P(AI>Human+AI)

AUROC
0.763

[0.727, 0.797]

0.675
[0.630, 0.719]

0.711
[0.668, 0.752]

0.001∗/0.004∗/0.018∗
0.708

[0.666, 0.748]
0.074/0.005∗

Accuracy
70.0%

[0.657, 0.745]

35/50

62.5%
[0.578, 0.672]

31/50

65.7%
[0.610, 0.703]

33/50
0.003∗/0.002∗/0.045∗

64.7%
[0.600, 0.693]

32/50
0.157/0.011∗

Sensitivity (Recall)
93.8%

[0.892, 0.976]

15/16

81.2%
[0.741, 0.878]

13/16

85.9%
[0.797, 0.917]

14/16
0.001∗/0.028∗/0.017∗

87.5%
[0.815, 0.929]

14/16
0.041∗/0.021∗

Specificity
58.8%

[0.530, 0.646]

20/34

53.7%
[0.477, 0.595]

18/34

56.2%
[0.504, 0.620]

19/34
0.068/0.017∗/0.216

54.0%
[0.482, 0.599]

18/34
0.450/0.058

NPV
95.2%

[0.918, 0.982]

20/21

87.0%
[0.804, 0.909]

18/21

90.8%
[0.846, 0.938]

19/21
0.001∗/0.015∗/0.015∗

91.4%
[0.854, 0.945]

18/20
0.043∗/0.014∗

PPV (Precision)
51.7%

[0.453, 0.581]

15/29

45.5%
[0.389, 0.517]

13/29

48.2%
[0.416, 0.545]

14/29
0.003∗/0.003∗/0.045∗

47.4%
[0.410, 0.537]

14/30
0.136/0.011∗

Overall, our findings suggest that AI assistance consistently improves radiologists’ performance.

Human+AI < AI. Although the Human + AI team outperforms humans alone, it consistently
underperforms AI alone in AUROC, accuracy, specificity, and PPV/precision (𝑝 < 0.05) in Study 2,
while showing no significant evidence of inferiority to AI in Study 1. This trend becomes more
salient when focusing on the common 50-case subset, as shown in Table 2, where all metrics except
specificity show statistically significant differences in both studies. This is somewhat justified, as
human radiologists in practice tend to be more cautious to avoid missing any suspicious cases (i.e.,
identifying true negative cases). They are inclined to send suspicious cases for biopsy. For lesion
level analysis, it is more prominent that AI outperformed Human+AI in identifying positive lesions,
with statistical significance in accuracy, sensitivity, and precision in Study 1.

Individual human radiologists can occasionally achieve complementary performance. In
the common cases between Study 1 and Study 2, we evaluate individual radiologists and AI-assisted
radiologists against AI model using both receiver operating characteristic (ROC) and precision-
recall (PR) curves. As shown in Fig. 4, and consistent with prior discussions, the AI curve generally
outperforms individual radiologists (represented by blue dots). Additionally, AI-assisted radiologists
in both studies (red and orange dots) are generally positioned above individual radiologists (blue
dots) in both figures, indicating that AI assistance helps improve radiologists’ performance. We
highlight that there are cases where AI-assisted radiologists outperform the AI curve, as shown
by the red and orange dots above the AI curve. This is a promising finding as it suggests that AI
assistance could augment human to achieve complementary performance (Human+AI > human
and Human+AI > AI).

Ensemble of human outperforms human but not AI, ensemble of Human+AI could out-

perform AI. We compiled an ensemble of results from the human radiologists’ predictions in
Table 3 and Fig. 5. For each test case, we do a majority vote among the predictions from the eight ra-
diologists. If there is a tie among the radiologists, i.e. four cancer predictions versus four non-cancer
predictions), we calculate the weighted prediction based on the radiologists’ reported confidence.
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AI due to under-reliance. More importantly, we look beyond accuracy and investigate human
behavioral patterns in human-AI interaction. Even when domain experts are informed about
their performance, the gap to AI performance, and their previous AI-assisted performance, it
remains challenging for them to effectively calibrate their reliance and trust in AI tools. While
complementary performance falls short in our workÐas in previous worksÐour results on the
ensemble performance of human-AI teams are promising. This highlights exciting opportunities to
improve human-AI decision-making.

Limitations. Several issues remain unresolved and present opportunities for future research. While
our study show that upfront AI assistance can encourage greater adoption among radiologists, it
remains unclear what factors positively contribute to complementary performance. Additionally,
our research is limited to particular clinical setting and disease, which may not be generalizable
to other domains or environments. Despite these limitations, we hope that our study will inspire
and support the broader research community to further investigate the complexities of human-AI
decision-making in relevant real-world tasks.
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A Model Impementation Details

Training configurationsWeuse the established nnU-Net implementation2 for image segmentation.
The frameworkwas configured to handle dataset preprocessing, augmentation, and training pipeline
generation automatically. The training process utilized a batch size of 8 and a learning rate of 0.001,
optimized using the AdamW optimizer. Training was performed over 1000 epochs on one NVIDIA
A40 GPU. nnU-Net’s default data augmentation techniques, such as random cropping, flipping, and
intensity scaling, were employed to improve generalization. For lesion-level prediction, we set the
threshold to 0.5. The framework’s automatic hyperparameter tuning ensured optimal performance,
and we monitored model training using AUROC and average precision on the validation set. A
detailed performance is shown in table appendix A.

Training (n=1211) Testing (n=200)

AUROC AP Accuracy F1 AUROC AP Accuracy F1

Per-patient 0.910 0.737 0.847 0.725 0.799 0.624 0.735 0.644
Per-lesion 0.940 0.682 0.948 0.664 0.824 0.484 0.911 0.531

Table 5. AI model performance.

2https://github.com/DIAGNijmegen/picai_baseline
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Table 6. Study 1 fine-grained subgroup performance.

Condition Avg (#) Total Correct TP FP TN FN Acc (%) Sen (%) Spc (%)

Initial=AI, final=AI 52.0 416 304 122 99 182 13 73.1 90.4 64.8
Initial=AI, final≠AI 0.4 3 0 0 0 0 3 0.0 0.0 N/A
Initial≠AI, final=AI 4.6 37 29 10 5 19 3 78.4 76.9 79.2
Initial≠AI, final≠AI 18.0 144 64 16 63 48 17 44.4 48.5 43.2

B Demographics

We recruit 8 practicing radiologists, aged 29 to 52 years (mean: 38.4 years). Respondents were pri-
marily from the United States (n=4), Turkey (n=3), and Italy (n=1). Most participants (n=5) reported
advanced or expert-level experience with prostate MRI, whilte the others reported intermediate
(n=2). One participant did not answer this question.

C Exit Survey Results

Study 1 Results

In Study 1, participants were highly familiar with the AI tool (mean familiarity: 5/5), though its
accuracy received a lower mean rating of 2.4/5. Usefulness and trust in the system were rated
moderately, both averaging 3/5. In open-ended feedback, practitioners reported that the AI tool
was most helpful in ambiguous cases and increased confidence in detecting lesions in challenging
locations such as the anterior, apical, and transition zones. Concerns included oversensitivity in
non-cancerous areas and missed lesions, with suggestions for improvement focusing on provid-
ing malignancy probability scores, separate reporting of T2 and DWI/ADC scores, and better
performance in transitional zone lesions.

Study 2 Results

In Study 2, the AI tool’s helpfulness was rated moderately (mean: 2.9/5), with accuracy ratings
remaining low to moderate (mean: 2.1/5). Trust in the AI also averaged 2.5/5. Despite moderate
satisfaction, respondents expressed a high likelihood of future AI use (mean: 3.75/5). In open-ended
feedback, the AI was perceived as useful in ambiguous cases, with one practitioner noting it
reinforced decisions to call studies negative. They also pointed out key challenges such as poor
performance in transitional zone lesions, overreliance on diffusion restriction, and limitations in
segmenting prostate versus non-prostate tissue. Participants’ recommendations for improvement
included adopting the PI-RADS classification system, enhancing segmentation capabilities, and
improving detection of small lesions. Image quality issues were a significant limitation, with
practitioners noting that humans outperform AI in evaluating non-diagnostic images, particularly
for diffusion-weighted imaging.

D Fine-grained analysis

Table 6 and Table 7 provide an overview of the subgroup analysis of human-AI agreement and
disagreement in Studies 1 and 2, respectively. The results indicate that performance metrics are
significantly better in subgroups where human and AI decisions align compared to those with
disagreement.

For a detailed breakdown, individual-level performance for the different agreement and disagree-
ment subgroups is presented. In Study 1, the results are available in Table 8, Table 9, Table 10, and
Table 11, each focusing on specific subcategories of agreement or disagreement. Similarly, Study 2
individual-level results are provided in Table 12, offering finer granularity of the analysis.
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Table 7. Study 2 fine-grained subgroup performance.

Condition Avg (#) Total Correct TP FP TN FN Acc (%) Sen (%) Spc (%)

Human ≠ AI prediction 21.6 173 61 15 86 46 26 35.3 36.6 34.8
Human = AI prediction 78.4 627 496 198 114 298 17 79.1 92.1 72.4

Table 8. Study 1: Cases where human agreed with AI and decision was kept.

Username Total Cases Correct TP FP TN FN Accuracy

P1 53 40 17 12 23 1 75.5%
P2 46 33 15 13 18 0 71.7%
P3 67 47 19 17 28 3 70.1%
P4 51 37 14 12 23 2 72.5%
P5 51 37 18 12 19 2 72.5%
P6 46 36 9 8 27 2 78.3%
P7 50 35 16 14 19 1 70.0%
P8 52 39 14 11 25 2 75.0%

Table 9. Study 1: Cases where human agreed but AI initially but still changed decision against AI.

Username Total Cases Correct TP FP TN FN Accuracy

P6 3 0 0 0 0 3 0.00%

Table 10. Study 1: cases where human disagreed with AI but kept original decision.

Username Total Cases Correct TP FP TN FN Accuracy

P1 20 9 2 10 7 1 45.0%
P2 23 10 4 10 6 3 43.5%
P3 2 1 0 1 1 0 50.0%
P4 18 8 2 7 6 3 44.4%
P5 20 9 2 11 7 0 45.0%
P6 22 12 2 5 10 5 54.5%
P7 18 6 2 11 4 1 33.3%
P8 21 9 2 8 7 4 42.9%

E Ensemble on Common-50 Cases

Table 13 presents a detailed performance comparison among AI, Human, Human-ensemble, Hu-
man+AI, and Human+AI ensemble (Study 1 and Study 2) for the common 50-case subset. While
the results highlight that the Human-ensemble consistently outperforms individual human perfor-
mance, the advantage of any ensemble method over AI alone is less significant.

F More Screenshots on User Interface Design

We show screenshots of a login page (Fig. 8), a consent form (Fig. 9), a toy demonstration example
page (Fig. 10), and two exit surveys (Fig. 11, Fig. 12) for study 1 and study 2 respectively.
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Table 11. Study 1: cases where human disagreed with AI but followed AI advice.

Username Total Cases Correct TP FP TN FN Accuracy

P1 2 1 1 0 0 1 50.0%
P2 6 6 1 0 5 0 100.0%
P3 6 4 0 1 4 1 66.7%
P4 6 5 2 1 3 0 83.3%
P5 4 4 1 0 3 0 100.0%
P6 4 3 2 1 1 0 75.0%
P7 7 5 2 1 3 1 71.4%
P8 2 1 1 1 0 0 50.0%

Table 12. Finegrained analysis for Study 2: (1) When Human disagrees with AI, human are prone to errors
(accuracy is lower than 50%); (2) Human is better at identifying AI false positives than identifying false
negatives, i.e., humans are better at catching AI’s false alarms than its missed cases.

Username #Disagreements Correct TP FP TN FN Accuracy

P1 28 11 1 10 10 7 39.3%
P2 27 6 2 19 4 2 22.2%
P3 11 3 3 8 0 0 27.3%
P4 26 11 1 11 10 4 42.3%
P5 18 7 1 9 6 2 38.9%
P6 20 8 2 6 6 6 40.0%
P7 20 6 2 11 4 3 30.0%
P8 23 9 3 12 6 2 39.1%

Table 13. Performance comparison between AI, Human, Human-ensemble, Human+AI, and human+AI
ensemble (study 1 and 2) for the common 50-case subset.

Study 1 Study 2

AI Human Human-ensemble Human+AI H+AI ensemble
P (Human-ensemble >Human)

P (H+AI ensemble>AI)
Human+AI H+AI ensemble P (H+AI ensemble>AI)

AUROC
0.763

[0.727, 0.797]

0.675
[0.630, 0.719]

0.732
[0.690, 0.771]

0.711
[0.668, 0.752]

0.778
[0.741, 0.812]

0.004∗/0.265
0.708

[0.666, 0.748]

0.763
[0.726, 0.798]

0.112

Accuracy
70.0%

[0.657, 0.745]

35/50

62.5%
[0.578, 0.672]

31/50

68.0%
[0.635, 0.725]

34/50

65.7%
[0.610, 0.703]

33/50

72.0%
[0.675, 0.762]

36/50
0.004∗/0.216

64.7%
[0.600, 0.693]

32/50

70.0%
[0.655, 0.745]

35/50
0.229

Sensitivity (Recall)
93.8%

[0.892, 0.976]

15/16

81.2%
[0.741, 0.878]

13/16

87.5%
[0.814, 0.929]

14/16

85.9%
[0.797, 0.917]

14/16

93.8%
[0.892, 0.976]

15/16
0.028∗/0.495

87.5%
[0.815, 0.929]

14/16

93.8%
[0.892, 0.976]

15/16
0.050

Specificity
58.8%

[0.530, 0.646]

20/34

53.7%
[0.477, 0.595]

18/34

58.8%
[0.529, 0.646]

20/34

56.2%
[0.504, 0.620]

19/34

61.8%
[0.559, 0.675]

21/34
0.027∗/0.197

54.0%
[0.482, 0.599]

18/34

58.8%
[0.528, 0.647]

20/34
0.498

NPV
95.2%

[0.918, 0.982]

20/21

87.0%
[0.804, 0.909]

18/21

90.9%
[0.864, 0.949]

20/22

90.8%
[0.846, 0.938]

19/21

95.5%
[0.921, 0.983]

21/22
0.012∗/0.467

91.4%
[0.854, 0.945]

18/20

95.2%
[0.919, 0.982]

20/21
0.051

PPV (Precision)
51.7%

[0.453, 0.581]

15/29

45.5%
[0.389, 0.517]

13/29

50.0%
[0.435, 0.566]

14/28

48.2%
[0.416, 0.545]

14/29

53.6%
[0.470, 0.602]

15/28
0.005∗/0.214

47.4%
[0.410, 0.537]

14/30

51.7%
[0.452, 0.582]

15/29
0.236
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