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Abstract

Clinical evaluation evidence and model explainability are key gatekeepers to en-
sure the safe, accountable, and effective use of artificial intelligence (AI) in clinical
settings. We conducted a clinical user-centered evaluation with 35 neurosurgeons
to assess the utility of Al assistance and its explanation on the glioma grading
task. Each participant read 25 brain MRI scans of patients with gliomas, and
gave their judgment on the glioma grading without and with the assistance of
AT prediction and explanation. The Al model was trained on the BraTS dataset
with 88.0% accuracy. The Al explanation was generated using the explainable Al
algorithm of SmoothGrad, which was selected from 16 algorithms based on the cri-
terion of being truthful to the AI decision process. Results showed that compared

to the average accuracy of 82.5 + 8.7% when physicians performed the task alone,



physicians’ task performance increased to 87.7 &+ 7.3% with statistical significance
(p-value = 0.002) when assisted by AI prediction, and remained at almost the same
level of 88.5 £ 7.0% (p-value = 0.35) with the additional assistance of Al explana-
tion. Based on quantitative and qualitative results, the observed improvement in
physicians’ task performance assisted by Al prediction was mainly because physi-
cians’ decision patterns converged to be similar to Al, as physicians only switched
their decisions when disagreeing with AI. The insignificant change in physicians’
performance with the additional assistance of Al explanation was because the Al
explanations did not provide explicit reasons, contexts, or descriptions of clinical
features to help doctors discern potentially incorrect Al predictions. The evalu-
ation showed the clinical utility of Al to assist physicians on the glioma grading
task, and identified the limitations and clinical usage gaps of existing explainable

Al techniques for future improvement.
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1 Introduction and Motivation

Artificial intelligence (AI) and machine learning technologies have transformative poten-
tial in medicine, as evidenced by the ever-increasing research advances in medical Al
in recent years [39, [37]. Using AI in medicine has the potential to support decision-
making processes for healthcare providers and improve patient care. This is largely due
to the predictive capability of Al to learn to recognize patterns from raw and high-
dimensional data, such as medical images, electronic health records, and genomic data.
In neuro-oncological settings, Al and machine learning have been studied in a wide range
of applications, including identifying the grading and genetic mutations of brain tu-
mors [26] [15] [14], predicting patients’ prognosis [53], B3], segmenting tumors based on
magnetic resonance imaging (MRI) [40], triaging patients based on computed tomogra-
phy (CT) scans [47], and discovering radiomics and radiogenomics for brain tumors [44].
Elsewhere, there are emerging cases of deploying Al in routine neuro-radiology practice,
such as the Al-based RAPID software to detect vessel occlusion and triage stroke patients
based on CT angiography [1].

Despite the above research advances, the widespread implementation of Al faces con-
siderable challenges in translation from bench to bedside [22,[29]. A prerequisite to clinical
deployment is bridging the Al evaluation gap between existing algorithmic evaluations
and desired clinical evaluations. As with any new medical intervention, Al needs to un-
dergo rigorous evaluation prior to its clinical implementation. Jin et al. [26] previously
proposed four phases of clinical utility evaluation for Al in neuro-oncology, analogous to
the conventional four phases of clinical trials for drugs or medical devices: phase I is
the algorithmic evaluation that evaluates the performance of AI model alone on unseen
test data; phase II evaluates the primary efficacy of Al assistance on the collaborative
clinical user-Al task performance, conducted in experimental settings on simulated tasks;
phase III further confirms the efficiency of the Al assistance on collaborative clinical
user-Al task performance, conducted on a larger scale randomized controlled trial (RCT)
in clinical settings on real-world tasks; and phase IV is for post-marketing software
support and surveillance. It is worth noting that from phase II and above, all evaluations
include clinical users. Existing work in AI in neuro-oncology [14] [15] [53] B33, 40] has
generally conducted phase I algorithmic evaluation, which cannot reflect the clinical util-
ity of Al in assisting clinical users in the clinical workflow. Phase II clinical evaluation
of AI has been conducted in other specialties such as orthopedics [9], psychiatry [24],
and ophthalmology [41]. Phase III RCT clinical evaluation of Al in clinical settings had
been conducted in specialties such as gastroenterology [51], and results showed a large
variation of AT clinical utility [54, 45]. To the best of our knowledge, there are no phase
IT (and above) studies on the clinical utility of AI assistance in neuro-oncology, and this

is the research gap we aim to bridge in this study.



In addition to the above AI evaluation gap, another significant hurdle for Al clinical
implementation is the interpretability or explainability problem of AI. The state-of-the-
art Al models, namely deep neural networks, are black-box models, and their decision
processes are incomprehensible even to Al engineers. This impedes the clinical use of Al,
as clinical users will often require an explanation or justification from Al other than a mere
prediction, due to the high-stakes nature of clinical decision-making [49]. Furthermore,
explanations may enable physicians to identify potential errors of Al, and potentially to
achieve complementary human-Al performance, where the human-Al team outperforms
either Al or human alone [48, [52, 13}, [6]. Therefore, we leverage the latest technical
advances in explainable Al (XAI) as a feature of the Al system in our clinical evaluation
study.

In this work, we recruited physicians and conducted a phase II clinical evaluation of Al
in an experimental setting on a simulated clinical task based on brain MRI: classifying a
glioma case into a glioblastoma (GBM, WHO grade IV), or a WHO grade II or I1I glioma.
This is a clinically relevant question that helps guide subsequent management decisions.
Tumor grading is also a routine and ubiquitous task in neuro-oncological settings and
is commensurate with our participants’ knowledge in neuro-oncology. Ultimately, other
tumor genetic characteristics, such as isocitrate dehydrogenase (IDH) mutation status
and O6-methylguanine-DNA methyltransferase (MGMT) methylation status, are critical
for treatment and prognostication, but are more challenging for clinicians to predict from
imaging studies. Thus, in the present proof-of-concept study, we have focused on the
task of differentiating GBM from grade II/IIT diffuse gliomas. Traditionally, clinicians
have relied upon patient characteristics, image findings, along with neurological signs and
symptoms to decide whether to proceed with an aggressive resection, perform a biopsy,
or to continue with watchful waiting. The interpretation of imaging findings is contingent
upon the neuro-radiologist’s and neurosurgeon’s experience, and this likely contributes
to some of the heterogeneity seen in practice among clinicians who treat patients with
gliomas [19]. A potential Al-based tool that can accurately predict tumor genetics and
histologic grading would potentially not only decrease the heterogeneity in management,
but also help guide biopsy plans and improve the ability to prognosticate outcomes.

To provide evidence for the safe, accountable, and effective use of Al in clinical set-
tings, we conducted a nationwide clinical study in Canada on the glioma grading task.
We recruited 35 neurosurgeons, each reading a set of 25 brain MRIs without and with
Al assistance on glioma grade prediction and explanation. The Al model was trained on
the same task on the publicly-available Multimodal Brain Tumor Segmentation (BraTs)
dataset with an accuracy of 88.0%. The AI explanation was a color map overlaid on
the MRI to highlight important regions for Al prediction. We selected the SmoothGrad
XAI algorithm [46] to generate color maps for the trained AI model. SmoothGrad was

selected from 16 commonly-used XAl algorithms based on the computational evalua-



tion of how truthful the XAI algorithm reflects the Al decision process. Results showed
that physicians’ average task accuracy improved from 82.5 + 8.7% without Al assistance
to 87.7 £ 7.3% with the assistance of Al prediction (p-value=0.002). The additional
assistance of Al explanation did not change the accuracy, which was 88.5 + 7.0% (p-
value=0.35). Doctors assisted by either AI prediction alone or Al prediction and ex-
planation combined did not achieve complementary doctor-Al task performance. The
study confirmed the effect of Al on enhancing physicians’ clinical task performance in a
simulated clinical setting. The study also identified the limitations and possible failure
reasons of existing explainable Al techniques for future improvement. This is the first
study in neuro-oncology to evaluate the clinical utility of AI assistance.

The article is organized as follows: we describe the Al model, XAI algorithm, and
study design in Section [2] We present the study results in Section [3] discuss the clinical
utilities of AT and its explanation in Section 4 and analyze limitations and future work
in Section . In Supplemental S1-S3, we provide the qualitative results (S1), additional
methods and quantitative results (S2), and the study survey content (S3).

2 Materials and Methods

2.1 Study Material
2.1.1 MRI data

We used the publicly-available Multimodal Brain Tumor Segmentation (BraTS) 2020
dataset [35, 5] in the glioma grading clinical study, as well as to train the Al model. The
BraTS dataset contains routine clinically-acquired, pre-operative brain MRI scans from
patients with glioma. The brain MRIs in BraTS dataset were obtained with different clin-
ical protocols and various scanners from 19 institutions, including the publicly-available
TCGA/TCIA repositories [4, 3]. Each MRI scan consists of four MRI pulse sequences of
T1-weighted, T1-weighted contrast enhancing (T1C), T2-weighted, and T2 Fluid Atten-
uated Inversion Recovery (FLAIR). MRIs in the BraTS dataset were pre-processed im-
ages with the pre-processing steps of co-registration to the same T1 anatomic template,
resampling to 1mm? voxel resolution, and skull-stripping. The original pre-processing
methods are detailed in Bakas et al. [5]. The data underwent additional pre-processing
for data augmentation during model training, including random flipping, random rota-
tion, sequence-wise intensity normalization, and resizing from the original data dimension
of 240 x 240 x 155 to 128 x 128 x 128 in width, height, and depth. Each MRI scan is
associated with a tumor grade label of a GBM or grade II/III glioma, which was patho-
logically confirmed. The total number of MRI cases is 369, including 76 cases of grade
IT/11T glioma, and 293 cases of GBM.



2.1.2 Al model and algorithmic evaluation on glioma grading task

We trained an Al model using the BraT§S 2020 dataset to grade glioma MRIs. The Al
model receives an MRI input and outputs a glioma grade of either a GBM or a grade I1/111
glioma. The model architecture is a VGG-like [43] three-dimensional (3D) convolutional
neural network (CNN), with six 3D CNN layers connected to two fully connected layers.
We stratified split the BraTS dataset into 65% training (239 cases), 15% validation (56
cases), and 20% (74 cases) hold-out test set by keeping the same grade II/III : GBM
ratio in each set. There were no patient ID overlapping across the three datasets. To
handle the imbalanced data, we used a weighted sampler that equalizes the data sampling
probability of each class during training [11]. The training, validation, and test accuracies
of the Al model were 80.28%, 92.86%, and 90.54%, respectively. The fine-grained model
performance metrics are in Supplemental S2 Fig. 1, which was also shown to participants
in the clinical study.

From the test set, we sampled a subset of 25 MRIs as the clinical test subset used in
the glioma grading clinical study. We sampled the subset by keeping the same ratio of the
correctly /incorrectly predicted grade II/III glioma or GBM as the confusion matrix of
model performance in Supplemental S2 Fig. 1. This is to keep an equivalent performance
of the AI model on the test set and the clinical test subset. In the clinical test subset,
there were 7 cases of grade II/IIT glioma, and 18 cases of GBM. The AI model had an

accuracy of 88.00% on the clinical test subset.

2.1.3 Generating and selecting the optimal AI explanation

The AI model we trained to grade glioma is a black-box CNN model. To explain the
model decisions to physicians, we applied post-hoc XAI algorithms that act as a surrogate
model to approximate the black-box Al model by probing the model parameters and/or
input-output pairs [27]. From 16 post-hoc XAI algorithms that can generate a feature
attribution map or heatmap (named as color map in the study) to explain Al prediction
using the important image regions, we selected SmoothGrad [46], which was the most
truthful to the AT model decision process [28]. Fig. [I]shows four examples of SmoothGrad
explanation used in the study [} The evaluation method and result on XAI truthfulness
are detailed in Supplemental S2.

2.2 Participant

We recruited physicians to evaluate their clinical task performance without and with Al
assistance. The inclusion criteria for the study participants were: the participant must

hold an MD degree or equivalent; and must be a consultant neurosurgeon, radiologist, or

'We have a note for Fig. |1 panel (D) in Supplemental S2 to raise an issue on its MRI ground truth
label.
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Figure 1: Visualization of four MRI scans and their corresponding color map explanations
used in the study. We include two GBM and two Grade II/III cases where Al predicts
correctly or incorrectly with plausible or implausible explanations (indicated as the XAI
score of participants’ mean rating on explanation quality on a 0-10 scale). ID is the
BraTS dataset ID. Within each panel, each column is an MRI pulse sequence of T1,
T1C, T2, and FLAIR. Row 1 is the MRI image, Row 2 is the color map showing the
important image regions for Al prediction, and Row 3 is the color map overlaid on the
MRI. The original MRIs and color maps are both 3D images, and we visualize one 2D

image in axial view.



neuro-radiologist, or a trainee in neurosurgery, radiology, or neuro-radiology. Since the
study was conducted anonymously as an online survey, two stages of eligibility screening
were conducted: one was conducted at the beginning of the online survey, where partici-
pants were filtered by their answers to the questions about their roles in medical practice
and their medical specialty; The other was conducted using a post-survey screening pro-
cess to filter out responses that did not meet the inclusion criteria due to random guess
or lack of required expertise in neuro-oncological MRI interpretation. We did so by only
including participants whose task accuracy when performing the grading task alone was
above 0.55. The accuracy threshold was set to be slightly higher than the random guess
accuracy of 0.5. We used convenience sampling and recruited participants by directly con-
tacting the researchers’ national-wide clinical research network. The recruitment period
was from October 2021 to February 2022.
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Figure 2: Participants’ demographic information. Panel (A) shows the distribution of
participants’ years of neurosurgical practice; The sticks on the z-axis show each partic-
ipant’s years of practice. Panel (B) shows participants’ familiarity with AI, and panel
(C) shows their attitude towards Al, with the percentage and number of participants (in
parentheses) indicated for each category.

A total of 35 participants met the inclusion criteria and were enrolled in the study.
The recruitment rate was 14.8% (35 out of 236 eligible participants contacted). Among
them, 29 participants completed the survey, while 6 participants dropped out without
completing the survey (their numbers of completed MRI interpretation cases were: 2, 2,
2, 3, 8, and 17, respectively). In addition, five participants took the interview to provide
qualitative comments on the Al system in the survey. The self-report demographic data
of the participants Wer female: male = 7:19; age: 34.7 £+ 8.2 (mean + std of the 26
reported participants); all participants were from the neurosurgery specialty, and their
positions were: 12 attending neurosurgeons, 2 neurosurgical fellows, and 21 neurosurgical
residents. Their years of practicing medicine were 9.8 9.1, and their years of practicing
neurosurgery were 7.1 + 6.5. Figure [2| summarizes their familiarity with Al and their
attitude towards AIl. Most participants (96%) were familiar with Al technologies, e.g.
they had heard of AI, or had used it at work or in their daily lives. Over 2/3 of the

2Since the questions on age and gender were not set to be mandatory, we report the collected data
on age and gender, which may not include all participants.



participants had a positive attitude towards AI, whereas the rest had a skeptical or

neutral attitude. The detailed demographics are listed in Supplemental S2 Table 1.

2.3 Study design and procedure

We designed a pre-post clinical study to examine the clinical utility of Al system regard-
ing its benefit to physicians’ task performance. The study consisted of an online glioma
grading survey (30-40 minutes) and an optional remote interview (20-30 minutes). Par-
ticipants provided separate informed consents for the survey and the interview.

The online survey is the main part of the study, where participants read a set of 25
MRIs without and with the assistance of Al prediction and its explanation. The MRIs
were sampled from the BraTS 2020 dataset as described in Section [2.1] The sequence
in which MRIs were shown was randomized for each participant to avoid bias due to
MRI reading order. At the beginning of the survey, participants were instructed to read
the consent form and provide their electronic consent by clicking the checkbox “I agree
to participate in the study”. In the survey, participants were first introduced to the Al
system and its performance on the test set. Then they began the MRI reading task. For
each MRI, the participants first gave their own judgment. Then the Al prediction was re-
vealed to them, and they were asked to give their current and possibly updated judgment
of the glioma grade. The Al prediction was shown only after participants gave their own
judgment. Next, participants were asked about their willingness to check Al explanation
of how it arrived at the prediction, and were shown a color map explanation from Al
with important regions of prediction highlighted (examples are in Fig. . The MRI and
color map explanation were both 3D images shown in video format, in which participants
could control the video play to view different MRI slices and their corresponding color
map explanation. After that, participants were asked to provide their final (again, possi-
bly modified) judgment on the glioma grade, and evaluate the agreement between their
own clinical judgment and color map on an 11-point scale from 0 to 10 (Table .

We also asked participants to rate, on an 11-point scale, their trust level in the Al
system and willingness to incorporate this Al suggestion into routine clinical practice.
The two questions were asked at three time points: at the beginning of the survey before
exposure to any information on the Al system as a baseline, after viewing Al performance
metrics (Supplemental S2 Fig. 1) on the test set, and after using Al with its prediction and
explanation assistance for the 25 MRIs. The survey ends with the question to select and
rank possible goal(s) of checking Al explanations, and a short demographic questionnaire
on the participant’s medical experience, familiarity with Al, attitude towards Al, age,
and gender. The full survey content is in Supplemental S3.

After completing the online survey, participants were given monetary compensation

(350 CAD gift card) as appreciation for their time and effort. The participant could



choose to participate in an optional remote interview. In it, participants talked about
their user experience and commented on the Al system. Participants provided additional
verbal consent prior to the interview. The remote interview sessions were video- or audio-
recorded for qualitative data analysis. The study was approved by the Research Ethics
Board of Simon Fraser University (Ethics number: H20-03588).
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Variable name

Survey question

Survey
question
options

e Grade II/III glioma

DR What grade of glioma would you predict i
this MRI to be? e Grade IV glioma
DR+AI After viewing Al’s suggestion, what is your | ditto
current judgment on the tumor grade?
DR+XAI After viewing Al’s explanation, what is ditto
your final judgment on the tumor grade?
Need Would you like to check the explanation Yes/No option
explanation from AI for this MRI?
[0-10 scale]
Explanation How closely does the highlighted area of the * 0, Not close at all
R TR — . .. e 5, Somewhat close
quality color map match with your clinical
E— . e 10, Very close
judgment?
[Scale from -5 to 5]
e -5, Totally distrust the Al
Trust What is your trust level in this Al model? e O, Neutral, neither distrust

nor trust
e 5, Totally trust the Al

Willingness to
use Al

How likely will you incorporate this Al’s
suggestions into your routine clinical
practices, such as diagnosis, prognosis, and
medical management?

[0-10 scale]

e 0, Not likely

e 5, Somewhat likely
e 10, Very likely

Explanation
goal

When are you most likely to check those
color map explanations from AI?

Select and rank
from a set of 15
predefined
options and a
self-filled option

Table 1: List of variables collected in the survey, and their corresponding survey questions.
For the trust scale, we post-processed the responses by adding 5 to all responses, so that
the scale range is from 0 to 10. In the following text, we underline the variable names
listed in the table. Variables above the double horizontal line were asked for each MRI
case, and the ones below were only asked once or several times at different time points.
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2.4 Statistical Analysis

We conduct statistical analysis to test the following null hypotheses on the utility of Al in
Al-supported task performance, in achieving complementary doctor-Al task performance,

and in physicians’ trust and willingness to use Al

1. There are no differences in physicians’ accuracies on the glioma grading task among
the three conditions: 1) Physician performing the task alone, denoted as DR; 2)
Physician performing the task with the assistance of Al prediction, denoted as
DR~+AI; 3) Physician performing the task with the assistance of Al prediction and
explanation, denoted as DR+XALI.

2. The accuracy of collaborative doctor-Al team performance of DR+AI or DR+XAI

is no higher than the best performance of Al alone or doctor alone (DR).

3. There are no differences in physicians’ trust level among the three time points:
1) Initial baseline without knowing any information from Al; 2) After viewing Al
performance metrics; and 3) After using AI with its prediction and explanation
assistance for the 25 MRIs.

4. There are no differences in the physicians’ willingness to use Al among the three
time points: 1) Initial baseline without knowing any information from AI; 2) After
viewing AI performance metrics; and 3) After using Al with its prediction and

explanation assistance for the 25 MRIs.

To test the hypotheses, a one-way analysis of variance (ANOVA) with repeated mea-
sures [30] is performed when data fulfill the assumptions of normality and sphericity.
We use Shapiro-Wilk test of normality [42] and Mauchly’s test for sphericity [34] to test
the assumptions for ANOVA. If the null hypothesis is rejected, a post-hoc analysis is
conducted using Tukey’s HSD (honestly significant difference) test when data meet the
assumption of homogeneity of variances. Otherwise, if assumptions for ANOVA are vi-
olated, we use the non-parametric Friedman test, and a post-hoc analysis of Wilcoxon
signed-rank test with Bonferroni correction. For hypothesis 2, to compare the accuracy
of doctor-Al team with the best accuracy of doctor or Al alone, a one-sided t-test is
performed if the data fulfill the assumption of normality. Otherwise, a non-parametric
test is used.

Additionally, the Spearman correlation coefficient is used to measure the association
between two continuous variables; and the chi-square test of independence is conducted
to test the association between two categorical variables. Unless otherwise stated, we
use a significance level « = 0.05. The statistical analysis was performed using Python
statistical package SciPyff] and Pingouinfl]

3http:/ /scipy.org/
4http://pingouin-stats.org/index.html
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2.4.1 A pilot study to estimate sample size

Before launching the formal national study, we conducted a pilot study to iterate the
survey content and estimate the sample size. Six neurosurgical residents were recruited
in the pilot study. With a two-sided test size of 5% and a power of 90%, based on the
effect size of 1.3 between DR and DR+AI, the estimated sample size is 13.

3 Results

In the article, we report the quantitative analysis of the survey data, and provide the
full results of the qualitative data analysis in Supplemental S1. The qualitative data
are from the interview and free-text input in the survey. We discuss findings from both
quantitative and qualitative data in the Discussion Section |4l We number the participants
with N1, N2, ... or O1, O2, ... when directly quoting their words.

3.1 Physicians’ task performance in three decision-support

conditions

A total of 2279 glioma grading decisions were collected for the three decision-support
conditions of 1) DR: physician performing the task alone (761 decisions); 2) DR+ALI:
physician performing the task with Al prediction assistance (759 decisions); and 3)
DR+XAI: physician performing the task with Al prediction and explanation assistance
(759 decisions). Participants’ average task accuracies for the three conditions were: DR:
82.49 £+ 8.69% (meantstd), DR4AIL 87.70 £ 7.33%, and DR+XAI: 88.52 + 7.02%. The

descriptive statistics of participants’ task accuracy for the three conditions are in Table

Condition N M=+SD Min  25% Q Mdn 75% Q Max

DR 35 82.49 4+ 8.69 60.00  80.00 84.00  88.00 100.00
DR+AI 35 87.70 £ 7.33 68.00  84.00 88.00  92.00 100.00
DR+XAI 35 88.52 + 7.02 72.00  84.00 88.00  92.00 100.00

Table 2: Descriptive statistics for all participants’ task performance accuracy (%). N -
number of participants, M - mean, SD - standard deviation, Q) - quantile, Mdn - median.

All data passed the sphericity assumption test for ANOVA, but the data on DR
condition did not pass the normality assumption. Therefore, we used the non-parametric
Friedman test instead, and results showed a statistically significant difference in task
accuracies among the three conditions, y%(2) = 23.53,p < 0.001. We then conducted
post-hoc analysis using Wilcoxon signed-rank tests with Bonferroni correction. Results
showed that the DR+AI condition had a statistically higher accuracy compared to the
DR condition (Z = 9.0,p = 0.002); similarly, the DR4-XAI condition had a statistically
higher accuracy compared to the DR condition (Z = 3.0,p = 0.0004). However, the

13



accuracies between DR+AI and DR+XAI conditions did not show statistically significant
difference (Z = 15.5,p = 0.35) (Fig. [3). We also calculated the effect size using common
language effect size, and results showed a physician has a probability of 67.2% of having a

higher accuracy when assisted by Al prediction (DR+AI) than performing the task alone
(DR), a probability of 71.0% of having a higher accuracy when assisted by Al prediction
and explanation (DR+XAI) than performing the task alone (DR), but only a probability
of 53.6% of having a higher accuracy when assisted by Al prediction and explanation
(DR4XATI) than assisted by Al prediction alone (DR+AI). In addition to the above
result using the accuracy metric, in Supplemental S2 Table 3, we also report results and
statistical tests using other performance metrics, including sensitivity, specificity, and F1
score, and the results showed a similar trend.

In addition to the change of performance in the three conditions, we also tested
whether complementary doctor-Al task accuracy was achieved, which indicates doctors
assisted by Al outperform either Al or doctors alone. Since Al had a higher accuracy
than the mean accuracy of doctors alone, we compare the doctor-Al team accuracy with
the Al accuracy of 88.00% using a one-sample, one-sided t-test. When physicians were
assisted by Al prediction only, the accuracy of the collaborative doctor-Al team (DR+AI)
was no higher than the AT accuracy of 88.00%, ¢(34) = —0.239, p-value =0.59; Similarly,
when physicians were assisted by Al prediction and explanation, the accuracy of the
collaborative doctor-Al team (DR+XAI) was no higher than the Al accuracy of 88.00%,
t(34) = 0.436, p-value =0.33.

14
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Figure 3: Participants’ task accuracies on glioma grading in three conditions: 1) DR:
Physicians performing the task alone; 2) DR+AI: Physicians performing the task with
AT assistance (with predictions from Al); 3) DR4+XAIL: Physician performing the task
with XAI assistance (with predictions and explanations from AI). We show box plots for
the three conditions. The colored lines between boxes show each participant’s accuracy
change between the conditions, with green lines indicating an accuracy increment, red
indicating a decrement, and yellow indicating no change. The darkness of colored lines
encodes the frequency of such a change. The dashed line indicates the accuracy of the

AT model of 88.0%. ns: p > 0.05, xx : 0.001 < p < 0.01, ** * : 0.0001 < p < 0.001.

3.2 Decision agreement and decision change patterns
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Figure 4: Participants’ decision change stream plot for each error category of all partici-
pants. The three columns represent the three conditions of DR, DR+AI, and DR+XAI,
respectively. The four rectangles within each column record the number and percentages
of cases when the doctors’ and the Al's decisions were correct (v') or not (x), e.g., the
decision agreement tally is reported in the first and fourth rectangles, reflecting when the
doctor and AI made the same decisions (where both were incorrect or correct). The total
number of decisions was 759 for each column.

We analyzed the fine-grained decision agreement and decision change in the three
conditions of DR, DR+AI, and DR+XAI, and visualized such patterns as a decision
change stream plot in Fig. |4, The subgroup analysis for attending and resident + fellow
physician subgroups showed similar patterns (Supplemental S2 Fig.6).

For the decision agreement pattern, as shown in Fig. [4] as a baseline when physi-
cians performed the task alone (DR), physicians’ and Al decisions agreed with each other
in 81.0% (615/759) decisions. The decision agreement increased to 86.8% (659/759)
when physicians were assisted by AI prediction (DR+AI), and further increased to
87.2% (662/759) when physicians were assisted by both Al prediction and explanation
(DR+XAI).

For physicians’ decision change pattern during Al assistance, as shown in Fig. 4 with
the assistance of Al prediction (DR+AI condition), physicians changed 5.8% (44/759) of
their original decision to Al prediction, and such decision change occurred only during
decision disagreement between Al prediction and physicians’ decision. Among these
decision change cases, 81.8% (36/44) were correct changes, i.e., resulted in a corrected
decision that matched the ground truth diagnosis, and the remaining 18.2% (8/44) were
incorrect changes, i.e., leading to an erroneous decision. With further assistance from Al
explanation (DR+XAI condition), physicians changed 1.7% (13/759) of their decisions,
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and such decision change occurred during both decision agreement (0.7%, 5/759) and
disagreement (1.1%, 8/759) between Al prediction and physicians’ decision. Among
them, 69.2% (9/13) changed correctly, and 30.8% (4/13) changed incorrectly.

3.3 Trust and willingness to use Al

We tested whether participants would calibrate their level of trust in the tested Al system

and their willingness to use Al with the exposure to Al performance metrics and Al usage

experience. Participants’ level of trust in Al and willingness to use Al were recorded at

three time points: 1) the initial baseline without knowing any information from AI; 2)
after viewing Al performance metrics; and 3) after using Al predictions and explanations
for the 25 MRIs. The descriptive statistics of the two variables at three time points are

listed in Table @ In addition, the two variables trust in Al and willingness to use Al are

highly correlated, with a Spearman correlation coefficient of 0.70 (p < 0.001).

Time N M4SD Min  25% Q Mdn 75% Q Max

point

Trust Bsl 29  531+£204 0.00 5.00 5.00 7.00 9.00
Pfm 29  6.72+£1.67 3.00 5.00 7.00 8.00 9.00
Use 29 6.62+£2.068 0.00 6.00 8.00 8.00 9.00

Willingness Bsl 29  410+£279  0.00 2.00 5.00 5.00 10.00
to use Al Pfm 29 5.07x£245 0.00 3.00 5.00 7.00 10.00
Use 29 459+£3.16 0.00 1.00 5.00 8.00 9.00

Table 3: Descriptive statistics for participants’ trust and willingness to use AI. N - number
of participants, M - mean, SD - standard deviation, Q - quantile, Mdn - median. The
three time points are: 1) Bsl: the initial baseline without knowing any information from
AT 2) Pfm: after viewing Al performance metrics, and 3) Use: after using Al predictions
and explanations for the 25 MRIs.
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Figure 5: Box plots and changes of participants’ trust in the AI (left), and willingness
to use AI (right) at the initial baseline, after viewing AI performance metrics, and after
using Al predictions and explanations. Both dependent variables (y axis) are reported
on a 0-10 point scale. The colored lines in between indicate a change in the ratings of
each participant, with green indicating an increment, red indicating a decrement, and
yellow indicating no change. The darkness of colored lines encodes the frequency of such
a change. ns: p > 0.05, * : 0.01 < p < 0.05, %% : 0.001 < p <0.01, xxx*:0.0001 <p <
0.001.

Part of the trust and willingness to use Al data did not pass the sphericity and

normality assumption test for ANOVA. Therefore, we used the non-parametric Friedman
test instead. Results showed a statistically significant difference among the three time
points for both trust in AI (x%(2) = 16.97, p = .0002), and willingness to use AI (x%(2) =
8.09,p = .018). We conducted post-hoc analysis using Wilcoxon signed-rank tests with

Bonferroni correction to identify the statistically different pairs. For the level of trust in

the Al system, participants rated a statistically higher trust after viewing Al performance
metrics compared with the initial baseline (Z = 4.0, p = .0004); and a statistically higher
trust after using Al predictions and explanations for the 25 MRIs compared with the
initial baseline (Z = 58.0,p = .025); but there was no significant difference between
the trust level after viewing Al performance metrics, and after using Al predictions and

explanations for the 25 MRIs. For the level of willingness to use Al, participants only

rated a statistically higher willingness to use Al after viewing AI performance metrics
compared with the initial baseline (Z = 29.5,p = .012); and the rest pairwise tests did

not show statistically significant differences. The statistical test results are visualized in

Fig.
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3.4 Clinical usage scenarios for Al explanation

Physicians” behavior of seeking an explanation is usually to support their subsequent

clinical sub-tasks. We summarized such potential explanation goals from literature [25],

and asked participants to select and rank them. The results are shown in Table 4, The
top-rated explanation goals were related to the critical nature of clinical tasks, and Al

explanation was useful mainly to safeguard clinical decision-making.

Explanation goal Selected  Rankings
times

To build and calibrate my trust in this Al 18 1(7),2(4),3(3),4
(3), 5 (1),

When I doubt about the prediction from Al 15 1(8),2(1),3(3),4
(3),

To verify Al’s decisions 16 1(2),2(6),3(3),4
(2),5 (1), 6 (2),

To ensure the safety use of the Al 11 1(2),2(2),3(4),4
(3),

For a difficult case, when I am not certain 10 1(1),2(3),3(1),4
(2,5 (2), 7 (1),

To learn from Al 7 2(1),3(1),4(2),6
(2), 8 (1),

To improve my patients’ outcomes 5 1(3),4(1),5 (1),

To ensure fairness and no biases in the Al model 5 2(1),3(2),5(1),9
(1),

When I am trading off among multiple objectives 2 2 (1), 3 (1),

for my patient

To meet the ethical requirements 2 2 (1), 5 (1),

To make Differential Diagnosis 3 3 (1),5(1),10 (1),

To make new medical discovery 3 5(1),6 (1), 7 (1),

Before discussion with my colleagues 1 5 (1),

To meet the legal requirements 1 6 (1),

To generate report or patient chart 0

Table 4: Ranking of explanation goals. The “Selected times” are the number of times
each goal was selected by participants, and “Rankings” shows participants’ ranking (in
bold) and the frequency of such ranking (in parentheses).

In addition to the above general explanation goal in a clinical setting, for each MRI

case, we asked a yes/no question on whether the participant needs to check the Al

explanation (need explanation). We calculated each participant’s need explanation degree

(0.0: do not need explanation for any cases, and 1.0: need explanation for all cases) by
the ratio of “yes” answers out of all the recorded responses among the 25 MRI cases.

The trend of need explanation shows polarization: 66% (23/35) of the participants had

a need explanation degree of less than 0.3, and 20% (7/35) had a need explanation

degree of above 0.7. In particular, 14% (5/35) of the participants completely did not
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need any explanation for all cases (need explanation degree = 0.0), and 9% (3/35) of

the participants needed explanations for every case (need explanation degree = 1.0). We

further conducted a chi-square test of independence on whether need explanation was

associated with decision agreement, and the relationship between the two variables was
significant, x?(1, N = 746) = 62.7,p < 0.001. When there was a decision disagreement
between Al and physicians’ initial judgment, physicians were more likely to check the
explanation.

For the quality of the specific explanation content, we collected 744 ratings on the color

map explanation quality on a 0-10 point scale, and obtained an average quality rating of

6.12+£2.92 (mean4std). Each color map explanation received ratings with large standard
deviations ranging from 2.39 to 3.04. The rating for each of the 25 AI explanations is
listed in Supplemental S2 Table 2, and we visualize four explanations with high or low
ratings in Fig.

4 Discussion

4.1 The clinical utility of AI prediction

In our study on the glioma grading clinical task, physicians’ initial task performance was
lower than Al performance. With Al assistance, physicians’ task performance signifi-
cantly increased. However, the improvement did not exceed Al performance. The result
aligns with prior phase II clinical evaluation of Al on medical image analysis tasks to
diagnose knee lesions [9], diabetic retinopathy [41], and pulmonary adenocarcinoma [31],
where physicians exhibited better task performance with the assistance of a superior Al
(AT that outperformed physicians); But it diverges from the similar phase II study in
psychiatry on medical record data [24], where a superior Al assistance did not improve
clinicians’ accuracy in treatment selection. These divergent results indicate the variability
in the effect of Al assistance in clinical settings, and suggest the importance of conducting
clinical studies to validate the clinical utility of Al assistance on specific clinical tasks.

Our clinical study validates the clinical utility of Al as a physician performance booster
in the glioma grading task. The quantitative result echoes the qualitative result (Sup-
plemental S1 Section 1) wherein physicians regarded Al as a “second opinion” (N2),
or “another level of evidence” (N5). Quantitative results showed that such performance
improvement was more prominent for junior physicians (residents and fellows, Supplemen-
tal S2 Section 2.2). Qualitative results further showed junior physicians can potentially
benefit from Al in time-sensitive cases and hard cases, and Al can potentially improve ju-
nior physicians’ learning and problem-solving skills by “reaffirming what you’re learning”
(N2).

By further analyzing the decision change pattern, the observed physician performance

20



improvement with the assistance of Al prediction was mainly due to the fact that physi-
cians’ decision patterns converged to be similar to Al, as physicians only switched their
decisions during decision disagreement (Fig. . The decision disagreement between physi-
cians and Al caused physicians “to pause and then go through the images ... to understand
the disagreement” (N5). But since in this condition, physicians were only assisted by Al
prediction alone, they could not access more information from Al decision process to
resolve disagreement, and one of the expected utilities of Al explanation is to provide
additional information to facilitate physicians’ decision-making.

In addition, our study also inspected factors that influence physicians’ adoption of
AT for decision support, including their trust and willingness to use AI. We noticed
that after viewing Al performance metrics, physicians’ trust and willingness to use Al
increased significantly compared to the baseline. However, after using the Al on 25 cases
with the assistance of Al prediction and explanation, physicians’ trust and willingness
to use Al diverged, and the average ratings of trust and willingness to use Al did not
show a significant difference compared with the ones after only viewing Al performance
metrics. This indicates physicians may perceive different messages from Al prediction
and explanation information, and construct different mental models of Al [7] accordingly
to calibrate their trust and willingness to use AI. Such a hypothesis is evidenced by
physicians’ positive and negative comments for Al explanation from the qualitative data
(detailed in Section . Furthermore, qualitative results showed that to establish trust,
some physicians request more information beyond the Al performance metrics alone, such

as information on prediction confidence and dataset (Supplemental S1 Section 3.3).

4.2 The clinical utility of AI explanation

In the study, with the additional assistance of Al explanation, physicians’ task per-
formance did not show a significant difference compared to the performance with Al
prediction assistance only, and did not achieve complementary doctor-Al team perfor-
mance. The finding aligns with a similar phase II clinical study involving Al heatmap
explanation in diabetic retinopathy [41], and other similar Al-supported decision-making
experiments involving laypersons on an age prediction task [16], and on a criminal jus-
tice decision support [2], where presenting Al prediction alone would improve human
accuracy, but there was no additional performance boost with the assistance of feature
attribution (i.e. heatmap) explanation. This indicates that the existing Al explanation
failed to indicate for physicians when to rely on AI recommendations, and when not
to. Otherwise, the doctor-Al team performance would have been higher than either Al
or physician alone. Indeed, by looking into their fine-grained decision change pattern,
physicians had initiated both correct and incorrect decision changes that were relatively

equivalent in amount, which explains the source of the statistically insignificant differ-
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ence in accuracies between the assistance of Al prediction and the additional explanation.
Prior human-subject studies in the human-computer interaction field observed a similar
effect of Al explanation in decision support: the Al explanation tends to only increase
the chances of humans accepting Al suggestions regardless of Al correctness [8], 24 [30].
This indicates that additional strategies [17, 38, 32} 21] are needed to carefully craft the
design of explainable Al algorithms and interfaces to reduce such overreliance risk on
AT [10} 12] and achieve its desired clinical impact, such as complementary doctor-Al task
performance.

Qualitative results revealed reasons for the failure of Al explanation to boost physician-
AT team performance. Physicians had a mixed view of the clinical utility of Al explana-
tion: they saw the heatmap explanation as a useful tool to help them localize important
features and easy-to-miss lesions. They also used explanation as a “cross-check” (N3)
tool to verify Al decisions, calibrate their trust in Al, and ensure the safe use of Al (N1),
especially during decision disagreement (Supplemental S1 Section 2). However, when
physicians were using Al explanation to verify Al decisions, they found that the heatmap
explanation only provided limited information on the location of important features, but
failed to give explicit reasons, contexts, or descriptions of the highlighted features (Sup-
plemental S1 Section 3.1). For example, doctors would request reasons why the heatmap
explanation only highlighted part of the relevant features: “What does that (color map
region) mean? ... Was it central necrosis? But it couldn’t be the central necrosis, because
there’s more central necrosis in the temporal lobe, and that area didn’t get highlighted.
So anyway, I don’t know, it’s just confusing.” (N3) This phenomenon can be shown
in panels A, C, D in Fig. 1, where the heatmap only highlighted partial regions of the
contrast-enhancing tumor edge without a pathological description of the features or why
it was important. Similarly, doctors would also request reasons why some image features
outside the tumor were highlighted: “There are quite a few areas that tend to ‘light up’
on the prediction map that are false positives. And it would be good to know where/why
these false positive areas are interpreted as such.” (O1) This phenomenon can be illus-
trated in panel B in Fig. [ This finding echoes similar feedback from pathologists in
a user study using heatmap explanations [18]. By comparing the heatmap explanation
information with the clinical decision-making process (Supplemental S1 Section 3.1), we
further identified that the existing heatmap explanation was missing critical information
to construct a clinically relevant explanation [28]: the heatmap explanation neither pro-
vided descriptive information on the pathology of the highlighted image features, nor
justified why and how the highlighted regions lead to the AI decision [20]. Such informa-
tion is indispensable for physicians to construct a complete chain of reasoning with Al
explanation, and future work is needed to develop new XAI techniques that incorporate
more clinically relevant information into the form of Al explanation, such as combining

text description with feature localization.
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The ranking of explanation goals revealed a wide range of clinical usage scenarios
to use Al explanation in a clinical context. In addition, physicians’ need for explana-
tion showed polarization and varied from person to person, which indicates the use of
explanation could be an individualized choice, and the contents of explanation could be

personalized or presented on demand [23] 25].

5 Limitations and future work

Despite the national-scale study, the total number of participants was 35, which was
relatively small. Despite our best recruitment effort, we did not get any enrollment of
radiologists. These factors limit further statistical analysis, such as multivariate regres-
sion analysis to identify variables associated with physicians’ performance improvement.
The study was a phase II evaluation using a simulated clinical task on retrospective MRI
data only, and participants neither had access to patients nor their information other
than MRI. To fully assess the clinical utility of Al and its explanation, future work can
conduct phase II studies on the newly improved Al systems. If the results are promising,
phase III randomized controlled clinical user studies are needed on tasks in real-world
clinical settings on retrospective clinical data or prospective cases. In addition to as-
sessing efficacy, more work is needed to evaluate the safety and side effects when using
Al in clinical settings to get a balanced view of the strengths and limitations of Al
The study design on the sequence of introducing prediction and explanation in doctors’
decision-making process may introduce bias, because we cannot distinguish whether the
decision after introducing Al explanation was due to the effect of users’ interpretation of
explanation, or the anchoring effect [50] from users’ previous judgment and inspection of
AT prediction, where users were reluctant to change their decisions. Further work may
design studies to mitigate the bias introduced by the sequence of exposure, such as com-
paring two scenarios of showing explanation or prediction first, and testing differences in
the outcomes.

Future work may improve the existing XAl methods in the following ways: 1) in the
technical development phase, XAl developers and researchers should seek more clinical
input to understand the clinical reasoning and clinical users’ requirements when incor-
porating Al assistance in their decision-making process, so that the XAl techniques can
potentially achieve complementary human-Al performance; 2) In the clinical deployment
phase, additional training or tutorial sessions may be developed to enable clinical users
to understand the capability of Al, and incorporate the additional cognitive strategies
while interpreting the Al explanation.

In AT and explanation-assisted clinical decision settings, there can be different ways of
human-AlI collaboration, across a spectrum from Al passively involved in decision-making

by providing a second opinion and explanation when needed, to Al actively participating
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in the decision-making and requiring humans’ review of its decisions and explanations. In
clinical settings, users may choose or switch among different ways of collaboration with
Al Our study investigated one setting similar to the second opinion one, where users
form their own judgment before checking Al prediction and its explanation. With the
newly improved XAI methods, future study design can explore other ways of human-Al

collaboration and its influence on the clinical utility of Al and explanation.

6 Conclusion

As a fast-advancing technology, Al has the potential to transform neuro-oncological prac-
tice and assist physicians in a variety of clinical tasks such as tumor segmentation and
disease prediction. To overcome the clinical translational gap of moving Al from bench
to bedside and accumulate evidence for the safe and effective use of AI, we conducted a
phase II evaluation on the clinical utility of Al and its explanation, which is analogous to
the phase II clinical trial on the primary efficacy of a new intervention on a small-scale
population.

The Canada-wide online survey study recruited 35 neurosurgeons. Each participant
read 25 brain MRIs from patients with gliomas, and gave their judgment on the glioma
grading without and with the assistance of Al prediction and explanation. Results showed
that compared to physicians performing the task alone, when assisted by Al prediction,
physicians’ task performance increased significantly to be equivalent to Al performance.
But the additional assistance of Al explanation did not further boost physicians’ per-
formance. Complementary doctor-Al team performance was not achieved. In addition,
physicians’ trust in the Al system and willingness to use Al increased after viewing Al
performance metrics compared to the baseline, and such levels did not change after using
Al predictions and explanations. The study showed the clinical utility of Al assistance
in improving physicians’ task performance, and revealed limitations of existing Al expla-

nation techniques for future improvement.
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Evaluating the Clinical Utility of Artificial Intelligence
Assistance and its Explanation on the Glioma Grading
Task

Supplementary Material S1: Qualitative Data Analysis

Weina Jin* Mostafa Fatehi* Ru Guo Ghassan Hamarneh

We present the main findings from the physician user study including the following themes: clinical utility
of AI (Section 1), clinical utility of AI explanation (Section 2), and clinical requirements of Al explanation
(Section 3). The qualitative data analysis method is presented in Section 4.

We number the participants with N1, N2, ..., or O1, O2, where N indicates neurosurgeon participants in
the interview, and O indicates open-ended responses in the online survey. Whenever necessary, we included
participants’ verbatim quotes despite some minor grammatical errors.
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1 Clinical utility of Al

1.1 Clinical decision support

The main role of AT mentioned by physicians is to provide clinical decision support, a “second opinion”
(N2), or “another level of evidence” (N5). Physicians would not delegate their full clinical tasks to Al at the
current stage.

*co-first author



“I would do my own interpretation, I would see what AI thought, and I would maybe modify
mine. but I wouldn’t go 100% on AIL I would just use it, there’s more information before I made
a decision.” (N3)

“With the original plan the ideal AI program would differentiate that it is a glioma prior to
attempting to grade the glioma, that’s a very lofty goal. It’s a very difficult thing I know as this
is. This (current AI) would be useful still in operative planning, if you suspect a glioma, to have
this confirmatory step, to say that there’s another level of evidence suggesting that it’s either high
or low grade.” (N5)

1.2 Benefits to junior physicians
The clinical value of AI may be more significant for junior physicians.

“The whole idea of Al is that a lowly-trained person can do the same job as a highly-trained
person. You don’t need 10, 20 years of experience, you don’t need to have looked at hundreds of
thousands of these (MRI cases).” (N3)

Specifically, for junior physicians, Al can provide the following support:
1. Al provides decision support for time-sensitive cases, and hard cases.

“If you want to ask a colleague and no one is available, or if you’re trying to do something
quickly, and want to make a decision yourself initially, you can just check that decision.”
(N2)

“This (AI system) would be helpful in asking for a second opinion if someone else is not
around, when you’re a little bit more uncertain.” (N2)

2. Al improves junior physicians’ learning and problem-solving skills: to “help you reaffirm what you’re
learning” (N2).

“I think the use cases would probably end up being, junior learners that are trying to learn
how to read these scans, that might want to check with someone. Because if you’re looking
at a scan, you may have an initial thought about what the diagnosis might be, and you might
look up that diagnosis, and look up on Radiopedia what the specific features are. This (AI)
would be a way to check your thinking instantly.” (N2)

2 Clinical utility of explainable Al

2.1 Color map helps to localize important features and easy-to-miss lesions

All five neurosurgeon interviewees utilized the feature localization information of color maps to 1) inspect
important features for an Al decision; and 2) to identify easy-to-miss small focal lesions.

“I find the color map quite useful for decrypting what the Al is using, its contributory factors.”
(N5)

“If at first pass (of reading MRI) you miss a small FLAIR (pulse sequence) hyper-intensity
that doesn’t show up with contrast enhancement, that was helpful (for the color map) to help
determine.” (N4)

“The color maps were just pretty, but they didn’t explain anything, except for multi-centricity,
like if there were multiple tumors, then (the current color map) it’s helpful. Here, you can see
that there’s a second tumor up front, and some people might have missed that. So that way (with
the color map), the computer is kind of nudging you, and says, ‘Hey look, there’s a second lesion.’

7 (N3)



“Take a picture of the (MRI) scan, and it (AI) would then give you another opinion. And then
you can either trust what you initially thought, or you know look further into the features that
you think are kind of driving your decision, and what the Al is trying to bring your eyes to.
That explainability feature was quite cool. Because the other parts of the scan that I had initially
missed just based on the fact that I was reviewing the scan pretty quickly, the AI obviously picks
it up, where there were tiny little dots of tumor that could have indicated more diffuse spread of
the tumor itself, and it can bring your attention to other small foci of tumor that you may have
initially missed.” (N2)

“I think that the AI (and its explanation) helps with a kind of a scanning bias that we have. As
humans where we see the large and obvious lesion and we’re immediately focused on that. I think
that the Al sometimes seem to be better at noticing secondary satellite lesions that definitely
changed the diagnostic and probably the prognostic opinion. So a single large lesion can be
distracting and keep your attention, whereas smaller secondary lesions I noticed that they were
picked up by the color map quite well.” (N5)

2.2 Resolving disagreement

All five neurosurgeons mentioned that explanation is most useful during decision discrepancies between Al
and physicians.

“It’s (color map) very helpful when there’s discordance between (me and AI). If it’s affirming
the diagnosis that I've made based on the (MRI) scan, then it’s not as relevant. But I would
scrutinize it, if it disagreed with me, to determine whether I would change my mind or not. So I
think it’s not helpful when you’re agreeing, but it is helpful to more carefully consider when you
disagree.” (N4)

“T think the use case where it (color map) is very useful is when there’s a discordance. So when
the algorithm and my opinion disagree, understanding that disagreement is where the color map
is very useful.” (N5)

The way doctors resolve decision disagreement is to reassess the explanation together with the inputs by
themselves, to see whether the explanation is reasonable according to their clinical prior knowledge. A
reasonable explanation that aligns with clinical evidence is more likely to persuade doctors to take Al
suggestion, whereas an explanation that deviates from doctors’ own judgment on the contributing features
may alert doctors to carefully inspect the original input image and the highlighted areas on the color map,
especially to inspect for the easy-to-miss lesions potentially highlighted by the color map. During the
inspection, if doctors did not identify any clinically meaningful features from color map localization, doctors
will probably negate the validity of the explanation, may not take Al suggestion despite its high accuracy and
potentially correct prediction, and stick to their own judgment for the final decision. The next subsection
(§2.3) presents more findings on using explanations to verify Al decisions.

“That’s where the AI’s explanation would be valuable (during decision disagreement). Because
then I could say, ‘Well no, that’s a low grade.” And the Al say ‘No, it’s a GBM.’ But if the Al
said, ‘Well, based on multicentricity and mass effect.” And I'm like, ”Oh I missed, oh I didn’t
see that the Al picked up that there was a second lesion.” Then I would say, ‘Oh sorry, I got it
wrong. Al got it right.”” (N3)

— A reasonable explanation persuaded doctors to take Al suggestion.

“Like the two times we disagreed, I would still stick with mine over Al. But that’s after seeing
those red (color) maps. Like I said, the red maps were useless. They didn’t help at all.” (N3)
— An unreasonable explanation did not persuade doctors to take Al suggestion.

“There’s only one that I had discordance (with AI prediction), and I think I did change my final
judgment depending on looking at the areas that are highlighted. I think I just reevaluated there



were areas that they (the color map) had picked up that I had not taken into account, when I
scrolled through the (MR) images myself, and the color map would cause me to scrutinize those
same areas on the source imaging, so I would look at that color map be, ‘okay, what’s different
about that area that it thinks it’s important?’ So the highlighted areas of clinical relevance that I
missed. I would scrutinize that area a little bit more to see if there was something different about
it to sway my decision-making.” (N4)

— Doctor reevaluated his own judgment based on color map localization.

“I think that it (color map) helped me understand in cases where there was a discordance between
what Al was suggesting, why those disagreements might exist. So in cases where there was very
little overlap between what I thought were important factors, and what the AI was interpreting
based on the color map, I was more confident in disagreeing with the AL If it had pointed out
additional factors that I had not previously noticed, then I was more confident in changing my
opinion based on the new points identified. So the disagreement caused me to pause and then go
through the images again with the aid of the color map, to see if there was something that I missed.
... So on each individual one, I looked at the components (features) that I thought were important
for my diagnosis. I chose my diagnosis, and after that when there was disagreement with the
AL T would go through the (MRI) scan again and the color map, first looking for anything I had
missed, and second looking at the components of the color map that the Al felt were important. If
the color map aligned with the components that I thought were important, and there was simply
a disagreement on grade, based on that, I typically stuck with my own opinion over the opinion
of the AI. And if the color map identified factors that I had not seen on my first look at the scan,
then I reconsidered, and often changed my opinion.” (N5)

— Doctor’s detailed process to identify reasons for decision disagreement based on the alignment
of doctor’s and AI’s important features.

Despite the extra time and effort spent in re-inspecting input images and explanations, a participant still
regarded the explanation as a useful tool to identify doctors’ potential errors.

“Although it does add work, the work that it adds is only in cases where I may have otherwise
made an error. So I find it (explanation) very useful as an error checking modality.” (N5)

2.3 Verifying Al decision, and calibrating trust

Since Al explanation reveals the AI model’s decision process, physicians tend to assess the plausibility
of an explanation based on its agreement with clinical prior knowledge, and use such explanation quality
information as a proxy or “internal validation” (N1) to judge AI decision credibility for a given case.

“This color map didn’t work as well as the previous one, and so that’s kind of an internal vali-
dation to me. I want to see scenarios where it (AI) doesn’t work, and I can tell that. So this is
reassuring to me that, like they (AI) can make a mistake, and I can call it out, I can determine
the mistake. ... Presumably this Al system won’t do very well, and then you can show me why it
didn’t do well, like when you do the explanation, you can say it didn’t do well, because it looked
at the wrong places.” (N1)

“It’s using relevant points to make that decision, and that in itself would increase my confidence
in it. I don’t know exactly what it’s doing, but I know that it’s looking in the same areas and as
looking at the patterns of enhancement, and the patterns of high signal within the areas that I'm
looking as well, so that intuitively allows me to have some confidence in it. But when you start
to see stuff that is in my opinion irrelevant, it makes you question to some extent exactly what
it’s taking into account in its algorithmic decision-making process.” (N4)

“It (the color map) might change your confidence level when you’re looking at areas which don’t
appear to have clinical relevance that are being analyzed.” (N4)



Physicians’ assessment of color map plausibility directly influences their trust in the specific AI decision, and
their overall trust in the Al model in general.

“I don’t think that it’s going to be a binary thing (that color maps can help to judge whether
the Al is right or wrong), but I think it (explanation) assists in judging whether or not you can
clinically trust the conclusion of the (AI) algorithm.” (N5)

“I don’t know whether it’s correct to use these explanations to kind of triangulate accuracy of the
model. So far a lot of the explanations have been factually incorrect, and so the more that I see
that there’s a discordance between what I think is important and what actually is the tumor, the
more I trust my own initial decision of this being a high grade versus a low grade (as predicted
by Al).

Here you can see the only areas that are red are outside of the tumor. Owverall this these expla-
nations have reinforced my initial skepticism about the determination of the model, because even
if it used its information and made correct predictions, let’s say it was correct for this patient,
and I was incorrect. I wouldn’t trust it. Because every time every one of these explanations
suggests that it’s used wrong information to make that decision. It’s like prioritizing ventricles
over anywhere where the tumor is, even if you (AI) are predicting it correctly, I won’t take it
that’s right.

If a system made its prediction based upon these areas (outside the tumor), I would definitely not
trust that system, but I would be very reassured that the system is telling me that. ...You show
me this (color map), and I see that it’s focusing a lot of its decision-making on areas that have
nothing to do with the tumor. That decreases the trust in that specific model (Al decision on this
specific case), but it increases the overall trust in AL So I’'m less likely to use this model, but I'm
more likely to use a model that does a better job than this, because I am reassured that when I
see that better model, that I will be able to have access to that back-end explanation. So you’re
not asking me to believe in the system without evidence.” (N1)

“There were areas which were clearly had nothing to do with the decision making which were
clearly outliers, like it would often pick up interhemispheric frontal and show me that as part of
the color map, or temporal poles and stuff like that where you might get artifact, and that has
nothing to do with the decision making. So they’re kind of areas which seem like red herrings
kind of irrelevant, and I don’t know why it would be using some of that in its decision-making
process. So the only thing is that makes me feel a little less confident in this machine learning
ability, because it’s showing areas that don’t seem relevant to making the decision presented to
me.” (N4)

Explanation was also regarded by clinicians as a “debugging” tool for physicians to verify AI decisions and
cross-check whether Al is malfunctioning. This is an important clinical utility of explanation to “ensure
safety” (N1) in Al-assisted “life-and-death clinical decisions” (N3).

“I think it’s gonna be a big leap one day, if you just press a button, and the Al says it’s GBM. Well,
clinicians are gonna want an explanation. We’re not like, because what if there’s a malfunction in
the computer? We like to cross-check. And if the Al said, ‘based on the contrast enhancement,
based on the T2 in this case showed that edema, then that is why the AI thinks it’s a high
likelihood.” Then I could look at the pictures, I see what the Al was thinking, ‘Okay, good, I
agree.” So that’s the ideal expect.” (N3)

“If the model keeps making the same mistake for a subset of patients, it’s then important for you
to be able to tell me how it (AI) made that mistake, and that’s a utility of explanation.” (N1)
2.4 Making medical discoveries

One physician mentioned that the explanation can be used to make new medical discoveries by identifying
new features that are different from humans’ pattern recognition, providing the Al has a good performance,
and the explanation truthfully expresses the Al model’s decision process.



“The other fascinating thing is that, maybe there is a lot of information encoded in a different
dimension than what we look at. Because as humans we use our own pattern recognition, and
weve gotten very good at differentiating contrast enhancement and necrosis. But maybe there’s
more information to be gathered from the AI perspective. ... So helping you to identify patterns
and features that I would have previously not thought are important. So for example, if you tell
me an AI machine that every time it picks up a lot of weird things on FLAIR (pulse sequence),
and then has the best accuracy, and it makes you think maybe there is something important on
the FLAIR that we haven’t been paying attention to. So that’s the added value of explanation.”
(N1)

3 Clinical requirements of explainable AI

3.1 Limitations of existing color map explanation

We analyze the limitations of the existing color map explanation by corresponding the information provided in
the form of color map to the clinical image interpretation process. In general, doctors’ image interpretation
consists of two steps: 1) First, they perform pattern recognition and extract key features. This includes
recognizing or localizing key features, and identifying their pathology. And then 2) they perform medical
reasoning and construct multiple diagnostic hypotheses (differential diagnosis) based on the image feature
evidence.

“What (explanation) we get currently, when a radiologist read it, they point out the significant
features, and then they integrate those knowledge, and say, to my best guess, this is a GBM. And
I have the same expectations of AI (explanation).” (N3)

A complete explanation may correspond to the above clinical image interpretation process. A clinically
relevant explanation at least corresponds to the aforementioned step 1), i.e., identifying important features
and describing their pathology. The existing form of color map explanation, however, only localizes important
features, but lacks the description of the pathology of important features. This fatal drawback of color map
explanation made all physician participants confused, and they requested an explanation for the meaning of
the highlighted regions in the color map.

“What does that (color map region) mean? Like hey, which part of my car gets my car moving?
It should say press the accelerator. But yours would just show a dashboard of the car, and show
that the accelerator had a little bit of red on it, this button had some red, that button had some
red, but it’s not an explanation. A picture is never an explanation. Like more red indicates the
region is more important, what about that region? Like go to an example, and you’ll see, what
about the red areas under MRI T1CE (pulse sequence)? Was it central necrosis? But it couldn’t
be the central necrosis, because there’s more central necrosis in the temporal lobe, and that area
didn’t get highlighted. So anyway, I don’t know, it’s just confusing.

These color maps were totally useless without text, without any context or explanation, like those
details. The color maps were just pretty, but they didn’t explain anything.” (N3)

“Though the color map is drawing your eyes to many different spots, but I feel like I didn’t under-
stand why my eyes were being driven to those spots, like why were these very specific components
important? And I think that’s where all my confusion was.” (N2)

In addition, since the color map cannot explain the reasons for localizing clinically irrelevant features,
physicians preferred to see an explanation that aligns with their prior knowledge, simply to avoid confusion
during the interpretation of clinically irrelevant features.

“My priority would be to have the Al show and explain the features inside the tumor that are
important. Because I'm not sure what it’s capturing outside the tumor that is important to the

(AI) system actually.” (N2)



“There are quite a few areas that tend to ‘light up’ on the prediction map that are false positives.
And it would be good to know where/why these false positive areas are interpreted as such.” (O1)

“Although this appears to do a reasonable job at predicting disease grade, it does not appear to
diagnose the presence of a lesion versus normal, nor to have the reliability required to forego a
biopsy.” (02)

3.2 Desirable explanation

Physicians described the ideal explanation could be some simple linear or rule models, with clinically relevant
features as the variables.

“I know it’s an AI model, so it’s not like a regression model. But it would be helpful to discuss
what variables the model is using. ... So maybe an explanation beginning with factors: the
enhancement pattern, the midline shift, the amount of edema, more like radiologists language,
that’s what clinicians would use to guess if it’s GBM or not.” (N3)

— Use clinically relevant features as variables for the explanation model

“If this was like a logistic regression model, you could say, well based on the fact that it’s enhance-
ment: yes/no? yes, multicentricity: yes/no? yes, and then mass effect: yes/no, yes, edema: yes.
You got four yeses, so your chances of having this be GBM is 94%. So like you use old-school
statistics to explain.” (N3)

— Use a linear model as explanation

“T want to be able to work with the (AI) model to go down like a flow chart to, I understand
that’s not how necessarily machine learning works, but if you’re trying to explain, or show the
relevant areas if I had some degree of insight into how the model was trained, or what the relative
importance of each of these color maps was in making its decision, then it might help me build
confidence with it.” (N4)

— Use rule-based explanation to dissect the decision

In addition, compared with a global explanation that explains the AI model’s behavior in general, doctors
have more demand for a local explanation for a specific case.

“I expected the explanations to be different for every patient, every scan (the explanation) should
be different.” (N3)

3.3 Making Al transparent by providing information on performance, training
dataset, and decision confidence

Besides the color map explanation, some physicians mentioned that other information is required to make
the AI model decision process transparent, and help build trust in the AI model and its suggestions. The
requested information includes model performance, information on training and validation dataset (such as
“distribution of the patient’s demographics, distribution of lesions diagnosed” (N5)), and decision uncertainty
overall and at the MRI pulse sequence level for a given case.

“The trust in the AI model comes from performance ultimately. Color maps are secondary to the
performance. So if you tell me system A has a 99% accuracy, and system B has a 22% accuracy.
I don’t care how it figured that out as long as it (has high accuracy). Like I said, clinicians are
numbers people. If you tell me over a thousand patients this did really well, and this one didn’t
do really well, I'm okay with that black box designation. If you tell me that for this study or this
system is 85 (percent accuracy), and you’re asking me how likely I am to trust it, then I think
about, ‘okay, let’s see how it made that decision.’ So explain to me how you did that, and that’s
the value that you’re adding with the explainable AL” (N1)



4

We analyzed the qualitative data including the interview transcript and open-ended questions in the survey
using an inductive thematic analysis approach [1]. A total of 180 minutes of interviews were recorded and
transcribed. We performed open coding on the qualitative data. A total of 85 codes were generated. We
then performed an axial coding and affinity diagram process to discover the hierarchical structure among

the emerging concepts. The first co-author who has expertise in clinical medicine and human-computer

“I'm not sure what the relative importance of each one of those color maps is in making its
decision. So if it had like, as it could express to me it’s confidence for each of those images of
it being a high-grade glioma, and then its overall confidence based upon those individual color
maps. Because all of this is based on a threshold model of confidence. So if I have an idea about
what that threshold is, saying there’s a 92% chance this is a high-grade glioma, and these are
the important areas, or these are the relevant areas that make that confidence. Because for me,
I don’t know how much that color map relates to the confidence overall in its prediction. ... I
think as someone who reads (MRI) scans and gives diagnosis, we are very happy to deal with
probabilities. I imagine there’s just a threshold that has been reached that you’re using that as a
confidence for the model. So if I knew what that threshold was, and how close it (the prediction)
was to that threshold, then it would help me at least understand a little bit more about the model,
and having that transparency in the models. Because if we were to do this without Al and if
you're sitting down with a few radiologists in a room, they would all tell you what they think
it is, and explain why it is that, and then you could question them to say, ‘Okay, what is your
likelihood? Or what’s in your differential diagnosis? What are your relative probabilities of each
of these things in your differential diagnosis?’ 7 (N4)

“I know that a data set that’s not trained properly does not come with good answers, so to calibrate
my trust, I need to know that the data set that was used is relevant to the data that I'm looking
at to making sure that I'm inputting the same, that my scan is no different than (the training
dataset). In a clinical trial, you need to know your patient that is in front of you is of similar
demographic and condition as the people who are in a clinical trial to determine how applicable
it is. It’s the same thing with any AI model is that, you need to know that the AI model is
representative of what you’re looking at at the same time. Because without that, it’s not relevant
in you (task), and you can’t trust it.” (N4)

Qualitative data analysis method

interaction research conducted the interview and qualitative data analysis process.
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1 Training AI Model and Generating Explanation

1.1 Al model and algorithmic evaluation on glioma grading task

We trained an AI model using the BraTS 2020 dataset to grade glioma MRIs. The AI model receives an
MRI input and outputs a glioma grade of either a grade IT/III glioma or a glioblastoma (GBM). The MRI
input has the size of 4 x 240 x 240 x 155, which are the number of pulse sequences, height, width, and
depth, respectively. The model architecture is a VGG-like [13] three-dimensional (3D) convolutional neural
network (CNN), with six 3D CNN layers connected to two fully connected layers. During model training, to
overcome the class imbalance issue, we used a weighted sampler to sample grade II/III glioma or GBM class,
weighted by their inverse sample count. We used the cross-entropy loss function, and trained the model with
an Adam optimizer, a learning rate of 0.0005, a batch size of 4, and 32 epochs.

We stratified split the BraTS dataset into 65% training (239 cases), 15% validation (56 cases), and 20%
(74 cases) hold-out test set by keeping the same grade II/III glioma: GBM ratio in each set. There were
no patient ID overlapping among the three datasets. We used the training data to train AI models, the
validation to select the hyperparameters and best-performing model, and the hold-out test data to report
AT model performance. The training, validation, and test accuracies of the AT model were 80.28%, 92.86%,
and 90.54%, respectively. The fine-grained model performance metrics are in Fig. [1} which were also shown
to participants in the clinical study.

We used PyTorc and MONAI AP for model training, and Captu to generate post-hoc color maps.
To train the models and generate color maps, we used a computer with 1 GTX Quadro 24 GB GPU and 8
CPU cores, and a SLUR based high performance computing cluster with jobs configured to use no more
than a minimum of 1 GPU, and 8 cores CPU each with 128 GB RAM.

Thttp://pytorch.org

2http://monai.io

Shttp://captum.ai
4https://slurm.schedmd.com/overview.html
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Figure 1: Al model performance metrics. A simplified version was also shown in the clinical study.



1.2 Generating and selecting the optimal AI explanation

The AI model we trained to grade glioma is a black-box CNN model. To explain the model decisions to
physicians, we applied post-hoc XAI algorithms that act as a surrogate model to approximate the black-box
Al model by probing the model parameters and/or input-output pairs. We aimed to select the optimal
XAI algorithm to use in the clinical study from 16 post-hoc XAI algorithms: Gradient [12], Guided Back-
Prop [15], Deconvolution [17], SmoothGrad [14], GradCAM [9], Guided GradCAM [9], Inputx Gradient [11],
DeepLift [10], Integrated Gradients [16], Gradient Shap [7], Occlusion [17, [18], Feature Ablation [1], Feature
Permutation [3], Lime [8], Shapley Value Sampling [2], and Kernel Shap [7]. These algorithms belong to the
feature attribution method. They generate a feature attribution map or color map overlaid on the input im-
age, and use the important image regions to explain model prediction. The selection criterion was to choose
the most truthful XAT algorithm to the AT model decision process [5], 4]. Following the cumulative feature
removal method to evaluate XAI truthfulness in Jin et al. |5} [6], we conducted a computational evaluation
to calculate the AAUPC score from the cumulative feature removal method of the 16 XAI algorithms on
the test set. The cumulative feature removal method iteratively removes the input features from the most
to the least important features according to the color map explanation, and plots the relationship between
gradual feature ablation and model accuracy. The evaluation metric AAUPC is to quantify the degree of
performance deterioration by calculating the difference of area under the perturbation curve (AUPC) be-
tween an XAI algorithm H and its random feature removal baseline H;,. AAUPC is in the range of [—1,1],
with a high AAUPC indicating a more truthful explanation. SmoothGrad had the highest AAUPC score
of 0.33, thus it was relatively the most truthful XAI method among the 16 XAI algorithms. We chose to
use SmoothGrad as the optimal XAI method to generate Al model explanations in the clinical study. The
result of the cumulative feature removal experiment is shown in Fig.
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Figure 2: Feature perturbation curve of cumulative feature removal experiment on the glioma
task. Each plot shows the feature perturbation curve of an XAI method (#, solid line) and its ran-
dom baseline (H;, dashed line). A bigger gap between the two curves indicates a higher AAUPC, thus
a better performance on explanation truthfulness. Plots were arranged according to their AAUPC value
(AAUPC(H) = AUPC(H,) — AUPC(H), with numbers rounded to two decimal places) as indicated in the

plot subtitle.



2 Additional Quantitative Results

2.1 Participants



DR DR DR DR MRI Need XAI Position Yr AT Familiarity AT Atti-

ID + —+ num XAI Qual. tude
Al XAI (%)
01 68.00 68.00 72.00 25  33.33 5.24+1.24 Attending 13 hear of AT Skeptical
02 66.67 100.00 100.00 2 100.00 5.004+0.00 Attending
03 84.00 84.00  84.00 25 16.00 1.04+£0.77 Attending 23 use Al in work/life  Not
interested
04 80.00 92.00 92.00 25 100.00 8.68+2.19 Resident 1 use Al in work/life  Interested
05 88.00 92.00 92.00 25 8.70 7.83+£1.03 Resident 3 hear of AI Interested
06 76.00 84.00 88.00 25 12.00 5.25+1.53 Attending 4 hear of Al Skeptical
07  84.00 80.00 80.00 25 96.00 6.21+£2.24 Resident 4 hear of AI Neutral
08 84.00 96.00 92.00 25  28.00 5.04+2.07 Resident 7 hear of AI Skeptical
09 87.50 87.50 100.00 8 25.00 7.254+2.17 Resident
10 80.00 84.00 84.00 25  20.00 6.60+2.61 Attending 6 Excited
11 80.00 84.00  84.00 25 0.00 6.20+1.77 Resident 4 can program, but Interested
not write Al code
12 80.00 88.00 88.00 25 96.00 7.80+294 Fellow 7 can program, but Interested,
not write Al code Excited
13 84.00 84.00  84.00 25 13.04 6.56 £2.10 Attending 5 hear of AI Interested,
Excited
14 92.00 92.00 92.00 25 24.00 6.48+1.70 Resident 0 can write Al code Interested,
Excited
15 88.00 92.00 92.00 25 16.00 2.56 +£0.57 Attending 15 hear of Al Skeptical
16 80.00 84.00  80.00 25 16.67 5.68 £3.40 Resident 1 use Al in work/life  Interested
17 80.00 92.00 92.00 25 1250 9.00£1.06 Resident 5 hear of AI Interested
18 60.00 76.00 76.00 25 0.00 7.72+2.46 Resident 4 hear of AI Neutral
19 88.00 96.00 88.00 25 48.00 8.28+1.43 Resident 4 hear of AI Interested
20  80.00  80.00  80.00 25 12.00 8.424+2.52 Attending 11 hear of AI Interested
21 88.00 88.00 88.00 25 100.00 10.00+0.00 Resident 4 can program, but Interested
not write Al code
22 80.00 80.00 84.00 25  88.00 5.68+2.38 Resident 4 use Al in work/life  Excited
23 88.00 92.00 96.00 25  96.00 6.444+1.50 Resident 7 use Al in work/life  Interested
24  68.00 80.00 88.00 25 16.00 5.92+1.83 Resident can program, but
not write Al code
25 82.35 94.12  94.12 17 17.65 5.62+1.76 Resident
26 84.00 84.00 84.00 25 20.00 6.40+2.24 Resident 4 can program, but Interested,
not write Al code Excited
27 88.00 88.00 88.00 25 24.00 7.00+£2.83 Resident 4 can program, but Neutral
not write Al code
28 88.00  88.00 92.00 25  68.00 8.29+1.51 Attending 5 hear of Al Interested
29 100.00 100.00 100.00 3  66.67 2.004+0.00 Fellow
30 88.00 88.00 88.00 25 0.00 1.48+0.77 Attending hear of Al
31 80.00 80.00 80.00 25 20.00 1.124+0.43 Resident 8 never hear of Al Not
interested
32 100.00 100.00 100.00 2 0.00 7.50£0.50 Attending
33 88.00 84.00 88.00 25  25.00 5.71+2.07 Attending 30 use Al in work/life  Excited
34 88.00 88.00  88.00 25 0.00 5.68+2.29 Resident 9 can write Al code Excited
35 66.67 100.00 100.00 2 50.00 9.50+0.50 Resident

Table 1: Participants’ demographics and their accuracies (%) in three conditions: 1) DR: without AI as-
sistance, 2) DR+AIL with the assistance of Al prediction, and 3) DR+XAI: with the assistance of both
AT prediction and explanation. We mark the accuracy in bold in DR+4AI column if it is higher than DR,;
similarly, we mark the accuracy in bold in DR+XATI column if it is higher than DR+AI. MRI num column
indicates the number of MRIs a participant interpreted in the survey. Need X AT is the percentage of partici-
pants needing to check Al explanation for the MRI case. XAI Qual. is the mean+std rating from participants
on the explanation quality for each color map explanation on a [0, 10] scale. Participants’ demographics,
including their position, years of experience in neurosurgery (Yr), familiarity with AI, and attitude toward
AT are also listed.



Data ID GT Al DR DR DR DR Need XAI Qual. MRI link
Pred. + + num XAI
Al XAI (%)

BraTS20_Training 221
BraTS20_Training 208
BraTS20_Training 116
BraTS20_Training 114
BraTS20_Training 112
BraTS20_Training_099
BraTS20_Training 094
BraTS20_Training_093
BraTS20_Training 289
BraTS20_Training_076
BraTS20_Training 075
BraTS20_Training 070
BraTS20_Training 325
BraTS20_Training 064
BraTS20_Training_063
BraTS20_Training_060
BraTS20_Training_056
BraTS20_Training 053
BraTS20_Training 270
BraTS20_Training 277
BraTS20_Training 269
BraTS20_Training 264
BraTS20_Training 280
BraTS20_Training 171
BraTS20_Training 212

1 100.00  100.00  100.00 35 50.00 7.23+2.75  vimeo.com/558775183
1 100.00  100.00  100.00 30 26.67 6.79 +£2.58  vimeo.com/558775334
1 100.00  100.00  100.00 30 16.67 6.66 +2.69  vimeo.com/558785220
1 93.55 93.55 93.55 31 35.48 6.55 +2.47  vimeo.com/558795281
1 93.55 100.00 100.00 31 25.81 6.93+2.72  vimeo.com/558795007
1 19.35 35.48 41.94 31 76.67 3.90 £2.68  vimeo.com/558764148
1 80.65  93.55 90.32 31 30.00 6.39 £2.87  vimeo.com/558764221
1 100.00  100.00  100.00 30 24.14 7.13+£2.39  vimeo.com/558768608
0 86.21 93.10 96.55 29 37.93 5.50£2.80  vimeo.com/558897027
1 96.77 100.00 100.00 31 26.67 6.52+2.89  vimeo.com/558768466
1 96.67 100.00 96.67 30 26.67 6.61+£2.79  vimeo.com/558768604
1 80.00  90.00 96.67 30 30.00 6.90 £2.59  vimeo.com/546342295
0 87.10  93.33 93.33 30 37.93 3.13+2.85  vimeo.com/558895720
1 100.00  100.00  100.00 30 20.00 6.93+2.50  vimeo.com/558762879
1
1
1
1
1
0
0
0
0
0
0

48.39  64.52 67.74 31 50.00 6.10 +£2.72  vimeo.com/558762829
89.66  96.55 96.55 29 37.93 6.38 £2.59  vimeo.com/558758233
96.67 100.00 100.00 30 23.33 7.27+£2.64  vimeo.com/558758468
100.00  100.00  100.00 30 20.69 7.20£2.50  vimeo.com/558758697
0.00 0.00 0.00 29 17.24 6.65 £2.64  vimeo.com/558784455
41.94 61.29 61.29 31 43.33 6.13+2.58  vimeo.com/546658075
96.67 100.00 100.00 30 30.00 5.63+3.04  vimeo.com/558775144
100.00  100.00  100.00 29 24.14 5294276  vimeo.com/558775501
83.87  90.32 90.32 31 34.48 5.744+2.88  vimeo.com/558774958
83.33 70.00 76.67 30 65.52 5.07+2.82  vimeo.com/558769028
83.33 70.00 66.67 30 58.62 4.13+2.88  vimeo.com/558786569
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Table 2: We list the 25 MRIs used in the study with the ground-truth label (the column GT) of grade II/III
glioma (label 0) or GBM (label 1), the predicted label from AI (AI Pred.), and the participants’ accuracies
(%) in three conditions: 1) DR: without Al assistance, 2) DR+AI: with the assistance of AI prediction, and
3) DR4XALI: with the assistance of both AI prediction and explanation. We mark the accuracy in bold in
DR+ATI column if it is higher than DR; similarly, we mark the accuracy in bold in DR+XAI column if it
is higher than DR+AI. DR num is the number of collected responses from participants. Need XAI is the
percentage of participants needing to check Al explanation for the MRI case. XAI Qual. is the mean+tstd
rating from participants on the explanation quality for each color map explanation on a [0, 10] scale. The
MRI and its color map explanation can be viewed by following the video links in the MRI link column.

2.2 Physicians’ task performance with and without the assistance of AI and its
explanation

In the manuscript, we have reported the performance using the accuracy metric. Here we also report results
using other performance metrics, including F1, Matthews correlation coefficient (MCC), sensitivity, speci-
ficity, and positive predictive value (also called precision) in Table[3| Statistical tests show similar trends as
the result reported using accuracy: using Friedman tests, there are statistically significant differences in task
performance measured by a particular metric among the three conditions. Post-hoc analysis using Wilcoxon
signed-rank tests with Bonferroni correction showed that DR+AI condition had a statistically higher per-
formance compared to the DR condition; similarly, the DR+XAI condition had a statistically higher perfor-
mance compared to the DR condition. However, the performances between DR+AI and DR+XAT conditions
did not show a statistically significant difference.



Metric Al DR DR+AI DR+XAI p-value:  p-value: p-value: p-value:
Fried- DR vs. DR vs. DR+AI
man DR+AI DR+XAI Vs.
DR+XAI

Acc. 0.8800 0.8249 + 0.8770 + 0.8852 + 7.755e-06  0.001543  0.0004037 0.3454
0.0869 0.0733 0.0702

F1 0.8000 0.6424 + 0.6997 + 0.7116 + 4.341e-05  0.002134  0.0006973 0.5456

grade 0.2257 0.2356 0.2390

II/111

F1 0.9143 0.8777 + 0.9126 + 0.9187 + 7.755e-06  0.002895  0.0008773 0.6383

GBM 0.0644 0.0559 0.0535

MCC 0.7181 0.5448 + 0.6242 + 0.6415 + 4.341e-05  0.002134  0.0006985 0.5456
0.2274 0.2340 0.2365

Sen. 0.8571 0.6694 + 0.7184 + 0.7224 + 0.0001117 0.0178 0.01081 0.9519

grade 0.2444 0.2510 0.2521

II/111/Spec.

GBM

Sen. 0.8889 0.8800 + 0.9060 + 0.9156 + 0.001765 0.05405 0.008309 0.7735

GBM/Spec. 0.0961 0.0870 0.0834

grade

II/111

PPV  0.7500 0.6412 + 0.7041 + 0.7226 + 4.341e-05  0.006771  0.001361 0.7418

grade 0.2502 0.2608 0.2635

I1/111

PPV  0.9412 0.8845 + 0.9239 + 0.9263 + 2.901e-05  0.001361  0.0006973 0.6061

GBM 0.0751 0.0472 0.0455

Table 3: Physicians’ task performance with physicians alone (DR), with the assistance of AI prediction
(DR+AI), and with the assistance of AI prediction and its explanation (DR+XAI), using multiple per-
formance metrics. We also list AT performance using these performance metrics (AI), the p-value of the
Friedman test on the performance differences among the three conditions (DR, DR+AI, DR+XAI), and the
p-values using Wilcoxon signed-rank tests with Bonferroni correction on the pairwise conditions.

In addition to the task performance analysis on the participants’ data as a whole, we performed subgroup
analysis by dividing participants into two groups according to their clinical positions and experience: 1)
attending physicians, and 2) resident and fellow physicians. The descriptive statistics of the task performance

accuracies for each subgroup are shown in Table [4] and

Condition N M+SD Min 25% Q Mdn 5% Q Max

DR 12 82.56 £+ 9.28 66.67 79.00 84.00 88.00 100.00
DR+AI 12 86.33 £ 8.61 68.00 84.00 84.00 89.00 100.00
DR+XAI 12 87.67 £ 7.90 72.00 84.00 88.00 92.00 100.00

Table 4: Descriptive statistics for attending physicians’ task performance accuracy (%). N - number of

participants, M - mean, SD - standard deviation, Q - quantile, Mdn - median.
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Figure 3: Participants’ task accuracies on glioma grading in three conditions: 1) DR: Physicians performing
the task alone; 2) DR+AI: Physicians performing the task with Al assistance (with predictions from AI);
3) DR+XAI: Physician performing the task with XAI assistance (with predictions and explanations from
AT). All participants’ data are visualized in panel (A), and the fine-grained attending physicians’ or resident
+ fellow physicians’ data are shown in panel (B) and (C) respectively. For each panel, we show box plots
for the three conditions. The color of the dots indicates each participant’s accuracy. The colored lines
indicate a participant’s accuracy change in between different conditions, with green lines indicating an
accuracy increment, yellow indicating the same, and red indicating a decrement. The darkness of colored
lines encodes the frequency of such a change. The horizontal dashed line indicates the Al accuracy of 0.88.
ns: p > 0.05, x:.01 <p <.05, %xx:.001 <p <.01, x%x%:.0001 <p <.001.

For the accuracy of each condition in the attending physician subgroup, the non-parametric Friedman
test showed a statistically significant difference in task accuracies among the three conditions, y%(2) =
8.27,p = .016. We then conducted post-hoc analysis using Wilcoxon signed-rank tests with Bonferroni
correction. The results showed that there was not a significant difference in accuracy between the DR+ AI
and DR conditions (Z = 9.5,p = .51), and between DR+XAT and DR+ AT conditions (Z = 0.0,p = .14).
However, the DR+XAT condition had a statistically higher accuracy compared to the DR condition (Z =
0.0,p = .047). We also calculated the effect size using common language effect size, and results showed a
physician has a probability of 60.8% of having a higher accuracy when assisted by AI prediction (DR+AT)
than performing the task alone (DR), a probability of 66.7% of having a higher accuracy when assisted by
AT prediction and explanation (DR+XAI) than performing the task alone (DR), but only a probability
of 56.3% of having a higher accuracy when assisted by AI prediction and explanation (DR+XAI) than
assisted by Al prediction alone (DR+AI).

Condition N M+SD Min 25% Q Mdn 5% Q Max

DR 23 82.46 + 8.58 60.00 80.00 84.00 88.00 100.00
DR+AI 23 88.42 +6.67 76.00 84.00 88.00 92.00 100.00
DR+XAI 23 88.96 + 6.66 76.00 84.00 88.00 92.00 100.00

Table 5: Descriptive statistics for resident and fellow physicians’ task performance accuracy (%). N - number
of participants, M - mean, SD - standard deviation, Q - quantile, Mdn - median.

For the accuracies in each condition in the resident and fellow physician subgroup, the non-parametric
Friedman test showed a statistically significant difference in task accuracies among the three conditions,
X%(2) = 16.98,p = .0002. We then conducted post-hoc analysis using Wilcoxon signed-rank tests with
Bonferroni correction. The results showed that the DR+ AT condition had a statistically higher accuracy
compared to the DR condition (Z = 2.0,p = .004); similarly, the DR+XAT condition had a statistically
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higher accuracy compared to the DR condition (Z = 2.0,p = .004). However, the accuracies between
DR+AI and DR+XAT conditions did not show statistically significant difference (Z = 10.5,p = 1.6).
We also calculated the effect size using common language effect size, and results showed a physician has a
probability of 70.2% of having a higher accuracy when assisted by AI prediction (DR+AI) than performing
the task alone (DR.), a probability of 73.2% of having a higher accuracy when assisted by AI prediction and
explanation (DR+XAI) than performing the task alone (DR), but only a probability of 52.4% of having a
higher accuracy when assisted by Al prediction and explanation (DR+XAT) than assisted by AI prediction
alone (DR+AI).

To visualize the change in participants’ task performance in each condition, we show the receiver operating
characteristic (ROC) curve and the precision-recall (PR) curve in Fig. 4| for Al and participants in each
condition. The performance change as indicated by the arrows showed participants’ performances had
the tendency to point to the direction of better performance area (for the ROC plot, it is the upper left
corner; for the PR plot, the upper right corner). This aligns with the main finding that Al assistance
improved physicians’ task performance. Such a performance boost was more prominent in participants
whose initial task performance was inferior to AI performance (below the AI ROC or PR curve). There are
rare participants who had arrows across the AI curve, and most arrow heads landed on or below the Al
curve, indicating complementary doctor-Al performance can rarely be achieved for the study participants.
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Figure 4: The receiver operating characteristic (ROC) curve (upper row) and precision-recall (PR) curve
(lower row) to evaluate the performance on GBM (left) and grade II/IIT glioma prediction (right). In
each plot, the Al model’s performance is indicated as the gray curve, and the physicians’ performance is
indicated as dots, with different colors representing different participants. The arrows in between dots are
the performance change between conditions from DR (doctor performing the task alone) to DR+AT (doctor
assisted by Al), and from DR+ATI to DR+XAI (doctor assisted by XAI). For the ROC curve, a better
performance would be near the upper left corner. For the PR curve, a better performance would be near the
upper right corner. We also indicate the AUC (area under the curve) value for the curve of AT and random
guess baselines (the dashed gray line).
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We also computed the correlation between physicians’ task performance (measured using accuracy) im-
provement and their clinical experience, using the Spearman correlation coefficient. The results showed that
there was a negative small correlation (r = —0.23, p-value =0.25) between physicians’ years of practicing
neurosurgery, and their performance improvement after Al prediction assistance (the performance difference
between DR+ AT and DR). This indicates physicians’ clinical experience may be a weak indicator to predict
AT assistant performance improvement, with junior physicians benefiting more from Al prediction assistance.

Furthermore, there was no correlation (r = —0.05, p-value =0.82) between physicians’ years of practicing
neurosurgery, and their performance improvement after Al prediction and explanation assistance (the per-
formance difference between DR+XATI and DR). This may indicate physicians’ performance improvement
with both AI prediction and explanation assistance may be a more complex process, and physicians’ clinical
experience may not be a good single indicator to predict performance improvement during this process. We
plot the correlation regression lines in Fig.
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Figure 5: Scatter plot between participants’ years of practicing neurosurgery (z axis), and their accuracy
improvement (y axis) with the assistance of AI prediction (left), and with the assistance of AI prediction
and explanation (right). We also show the regression lines for each plot, and the coefficients of the regression
lines were -0.0027 and -0.0015, respectively.

2.3 Decision agreement and decision change

For the decision agreement pattern of the subgroups of attending vs. resident-+fellow physicians, as shown
in Fig. @ as a baseline when physicians performed the task alone (DR condition), the decision agreement
was 82.7% (210) for attending physicians, and 80.2% (405) for resident-+fellow physicians. When physicians
were assisted by AI prediction (DR+AI condition), the decision agreement increased to 85.4% (217) for
attending physicians, and 87.5% (442) for resident+fellow physicians. When physicians were assisted by
AT prediction and explanation (DR+XAI condition), the decision agreement was the same for attending
physicians, 85.4% (217), and slightly increased to 88.1% (445) for resident+fellow physicians.

As shown in Fig. [6] physicians’ subgroup decision change patterns had similar trends as the whole group
analysis in the manuscript.
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Figure 6: Participants’ decision change stream plot for each error category for attending physicians (left),
and resident+fellow physicians (right). The three columns represent the three conditions of DR, DR+AI,
and DR+XAI, respectively. The rectangles in each column show the doctors” and AI’s decision correctness.
The decision agreement is the first and fourth rectangles, where doctors and AI made the same decisions
(where both were incorrect or correct). The percentage and absolute number for each category are indicated.
The total number of decisions was 254 and 505 for attending and resident+fellow physicians, respectively.

2.4 Trust and willingness to use Al

For participants’ level of trust and willingness to use AI, we conducted a subgroup analysis based on two
subgroups of participants’ clinical positions: 1) attending physicians; 2) resident and fellow physicians. We
used the non-parametric Friedman test to test if there were significant differences in participants’ trust and
willingness to use Al at three time points: 1) the initial baseline without knowing any information from AlT;
2) after viewing Al performance metrics, and 3) after using Al predictions and explanations for the 25 MRIs.

For attending physicians, results did not show a statistically significant difference among the three time
points for both trust in AI (x%.(2) = 5.55, p = .062), and willingness to use Al (x%(2) = 1.75,p = .416). The
descriptive statistics are shown in Table [6] and Fig. [7]

Time N M=£SD Min 25% Q Mdn 5% Q Max
point

Trust Bsl 10 5.20 4+ 2.35 2.00 3.50 5.00 5.75 9.00
Pfm 10 6.80 &+ 2.15 3.00 7.00 7.00 8.00 9.00
Use 10 6.50 + 2.84 2.00 3.75 7.50 9.00 9.00

Willingness Bsl 10 4.00 + 3.40 0.00 2.00 3.00 4.50 10.00
Pfm 10 4.90 + 3.28 0.00 2.50 5.00 7.50 10.00
Use 10 3.80 4+ 3.39 0.00 1.00 2.50 7.50 8.00

Table 6: Descriptive statistics for attending physicians’ trust and willingness to use Al. N - number of
participants, M - mean, SD - standard deviation, QQ - quantile, Mdn - median. The three time points are:
1) Bsl: the initial baseline without knowing any information from AI; 2) Pfm: after viewing Al performance
metrics, and 3) Use: after using AI predictions and explanations for the 25 MRIs.
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Figure 7: Box plots and changes of attending physicians’ trust in the AI (left), and willingness to use Al
(right) at the initial baseline, after viewing AI performance metrics, and after using the AT predictions and
explanations. Both dependent variables are reported on a 0-10 point scale. The colored lines in between
indicate change for each participant, with green indicating an increment, yellow indicating no change, and
red indicating a decrement. The darkness of colored lines encodes the frequency of such a change. ns:
p > 0.05, x:.01 <p<.05, %xx:.001 <p<.01, xxx:.0001 <p<.001.

For resident and fellow physicians, results showed a statistically significant difference among the three time
points for both trust in ATl (y%(2) = 11.47,p = .003), and willingness to use Al (y%(2) = 7.86,p = .0196).

We conducted post-hoc analysis using Wilcoxon signed-rank tests with Bonferroni correction to identify
the significantly different pairs. For the level of trust in the AI system, resident and fellow physicians
rated a statistically higher trust after viewing AI performance metrics compared with the initial baseline
(Z = 0.0,p = .00587); but the trust level did not show a statistically significant difference after using Al
predictions and explanations for the 25 MRIs compared with the initial baseline (Z = 35.5,p = .085); and
there was no significant difference between the trust level after viewing Al performance metrics and after
using Al predictions and explanations for the 25 MRIs (Z = 53.0,p = 2.06). Similarly, for the level of
willingness to use Al, participants only rated a statistically higher willingness to use Al after viewing Al
performance metrics compared with the initial baseline (Z = 9.0, p = .026); and the rest pairwise test did not
show a statistically significant difference. The descriptive statistics are shown in Table |7} and the statistical
test results are visualized in Fig.
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Time N M=£SD Min 25% Q Mdn 5% Q Max
point

Trust Bsl 19 5.37 +1.92 0.00 5.00 5.00 7.00 8.00
Pfm 19 6.68 +1.42 4.00 5.00 7.00 8.00 8.00
Use 19 6.68 + 2.67 0.00 7.00 8.00 8.00 9.00

Willingness Bsl 19 4.16 4+ 2.52 0.00 3.00 5.00 5.00 8.00
Pfm 19 5.16 - 1.98 1.00 3.50 5.00 6.50 8.00
Use 19 5.00 4+ 3.04 0.00 2.50 5.00 7.50 9.00

Table 7: Descriptive statistics for resident and fellow physicians’ trust and willingness to use Al. N - number
of participants, M - mean, SD - standard deviation, Q - quantile, Mdn - median. The three time points are:
1) Bsl: the initial baseline without knowing any information from AI; 2) Pfm: after viewing Al performance
metrics, and 3) Use: after using AI predictions and explanations for the 25 MRIs.
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Figure 8: Box plots and changes of resident and fellow physicians’ trust in the AI (left), and willingness to
use Al (right) at the initial baseline, after viewing AI performance metrics, and after using the Al predictions
and explanations. Both dependent variables are reported on a 0-10 point scale. The colored lines in between
indicate change for each participant, with green indicating an increment, yellow indicating no change, and
red indicating a decrement. The darkness of colored lines encodes the frequency of such a change. ns:
p>0.05, %:.01 <p <05, xx:.001 <p <01, x*x%x:.0001 < p<.001.

2.5 Clinical usage scenarios for Al explanation
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Figure 9: A histogram showing the distribution of 35 participants’ need explanation degree. On the z-
axis, 1.0 indicates a participant needs explanations for all the 25 MRI cases, and 0.0 indicates one needs
explanations for none of the MRI cases.

3 A Note on Figure 1 in the Manuscript

We notice in panel (D) of Figure 1 in the manuscript, the tumor, with the data ID of BraTS20_Training 270,
exhibits image features that resemble GBM: irregular tumor shape, enhanced tumor rim, and clearing tumor
core indicating necrosis. In addition, as shown in Table |2 all 29 participants gave their judgment of GBM
in the three conditions of DR, DR+AI, and DR4+XAI. The AI model also predicted it as GBM with the
explanation highlighting the enhanced rim of the tumor. However, the ground truth label for this case is
grade II/III glioma. The ground truth label deviates from the common clinical knowledge of interpreting the
glioma from MRI, and it may be caused by the following reasons: 1) This is a true grade II/IIT glioma. 2)
There are noises in the ground truth labels of the dataset. 3) There may be errors in the histopathological
process, such as sampling errors during biopsy. We can only raise our reasonable suspect but cannot confirm
which reason was the case, as the biopsy was conducted previously and the case was anonymized when
included in the BraT§S public dataset.

We have verified that the following main study results did not change with the alternative ground truth
label of BraTS20_Training 270 being GBM: 1) using Friedman test, there was still a significant difference in
accuracy among the three conditions of DR, DR+AI, and DR+XAT; the accuracies of DR+AI and DR+XAI
were significantly higher than DR, and there was no significant difference between DR4AT and DR+XAT. 2)
complementary doctor-Al performance was not achieved for DR4AT or DR+XAI condition. This is because
AT and the 29 participants had a uniform judgment in the three conditions for this case.
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