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Contribution

What are the novel findings of this work?

Artificial intelligence (Al) can improve the performance of clinicians in detecting fetal AVSD on
ultrasound, evenif the Al performance is worse than the clinicians alone. Whenthe Alwasincorrect,
thisresultedinadeteriorationin clinician performance. Giving additional information about Al model

workings and model confidence did notimprove overall performance.

What are the clinical implications of this work?

These results support the possibility of integrating Al in the clinical workflow of fetal ultrasound
screening. Evenif Almodelsalone do not reach expertlevel performance, they still have potential to
improve overall collaborative human-machine performance. We have notidentifiedareliable method

to mitigate againstthe risk of incorrect Al.
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Abstract

Objectives

Artificial intelligence (Al) has shown promise in improving the performance of fetal ultrasound
screening in detecting congenital heart disease (CHD). The effect of giving Al advice to human
operators has not been studied in this context. Giving additional information about Al model workings,
such as confidence scoresfor Al predictions, may be away of improving performance further. Ouraims
were toinvestigate whether Al advice improved overall diagnosticaccuracy (using a single CHD lesion
asan exemplar),andto see what, if any, additional informationgiven to clinicians optimized the overall

performance of the clinician-Al team.

Methods

An Al model was trained to classify a single fetal CHD lesion (atrioventricular septal defect, AVSD),
using a retrospective cohort of 121,130 cardiac four chamber images extracted from 173 ultrasound
scan videos (98 with normal hearts, 75 with AVSD). A ResNet50 model architecture was used.
Temperature scaling of model prediction probability was performed on a validation set, and gradient-
weighted class activation maps (grad-CAMs) produced. Ten clinicians (two consultant fetal
cardiologists, threetraineesin pediatric cardiology, and five fetal cardiacsonographers) were recruited
from a center of fetal cardiology to participate. Each participant was shown 2000 fetal four chamber
imagesinarandom order (1,000 normal and 1,000 AVSD). The dataset was comprised of 500 images,
each showninfourconditions: 1) image alone without Al output;2) image withbinary Al classification;
3) image with Al model confidence; 4) image with gradient-weighted class activation map image

overlays. The clinicians were asked to classify each image as normal or AVSD.

Results

20,000 image classifications were recorded from 10 clinicians. The Al model alone achieved an
accuracy of 0.798 (95% Cl 0.760 — 0.832), sensitivity of 0.868 (95% Cl 0.834 — 0.902) and specificity of

0.728 (95% Cl 0.702 —0.754, and the clinicians without Al achieved an accuracy of 0.844 (95% Cl 0.834
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— 0.854), sensitivity of 0.827 (95% Cl 0.795 — 0.858) and specificity of 0.861 (95% Cl 0.828 — 0.895).
Showing a binary (normal or AVSD) Al model output resulted in significant improvement in accuracy
t00.865 (p <0.001). This effect was seenin both experienced and lessexperienced participants. Giving
incorrect Al advice resulted in significant deterioration in overall accuracy from 0.761 to 0.693 (p
<0.001), whichwasdriven by an increase in both type | and type Il error by the clinicians. This effect
was worsened by showing model confidence (accuracy 0.649, p <0.001) or grad-CAM (accuracy 0.644,

p <0.001).

Conclusions
Al has the potential to improve performance when used in collaboration with clinicians, even if the
model performance does not reach expertlevel. Giving additional information about model workings

such as model confidence and class activation map image overlays did not improve overall

performance, and actually worsened performance forimages where the Al modelwasincorrect.
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Introduction

Antenatal diagnosis of fetal congenital heart disease (CHD) is associated with improved morbidityand
mortality after birth'. Many countries have instigated mid-trimester ultrasound screening to detect
structural malformationssuch as CHD, but these do not achieve universal detection, withconsiderable
regional variation. For atrioventricular septal defect (AVSD), in the UK the Fetal Anomaly Screening
Program detects an estimated 69.2% of cases via the anomaly ultrasound scan, and 79.4% overall,

includingfirsttrimesterscreening®.

Artificial intelligence (Al) using convolutional neural networks (aform of deep learning) has proved to
be a powerful tool in many medical imaging tasks. This includes promising performance in the

automatic detection of fetal CHD using ultrasound®.

Ultrasound is an operator-dependent modality, usually performed and interpreted at the same clinic
visit. Despite promising performance,itis unlikely that Alwouldbe used autonomously of the human
ultrasound operator. This means that collaboration will be required between Al and clinicans’. Ideally,
overall performance of the clinician-Al team would be better than either the clinician or the Al
operatingalone. However, thisis not guaranteed. Recent work suggests that providing Al assistance to
radiologists does not improve their performance in chest X-ray interpretation®. Al could worsen the
performance of clinicians, if, forexample, they chooseto trust the Al when it was incorrect’. Providing
more information about the model, for example model confidence, or the area of the image most
influential for the classification, might be a means of mitigating against the risk of algorithm aversion
(not trusting enough) or automation bias (trusting too much). These might help the operator
appropriately calibrate their trust of the Al, meaningthatthey can make good decisions aboutwhen,

and when not, to use the Al outputs’.

Little work has been undertaken exploring the interaction between humans and Al in ultrasound

interpretation. Ouraims were twofold:

5UB0 | SUOWILIOD dAIRR.D 3|ged| [dde sy Ag peusenoh ale sajofe YO ‘3sN JO Sa|nJ 104 Aelqi]auluQ AS[IAN UO (SUORIPUOD-PUR-SLLLIBIWIOD A3 IM Afe.d 1)Ul {UOo//:SdNY) SUOHIPUOD pUe SWLB | 8} 89S *[7202/£0/90] U0 Afld17aulluo AJIM ‘ 1591 - BUdRH Ueses Aq 225z Bon/zo0T 0T/10p/wod A8 |1m Akiqipuljuo uABao//sdny wolj pepeojumod ‘el ‘'S0.0697T



To investigate whether Al assistance given to clinicians increases overall collaborative
performance in ultrasound disease classification, using fetal AVSD as an examplelesion.

To investigate whether additional information about the Al model provided to the clinician

impacts the overall collaborative clinician-Al performance.
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Methods

Setting
The study was undertaken at a tertiary fetal cardiology referral center. This permitted access to an

image archive with a large number of cardiac abnormalities and facilitated analysis of images by staff

with specifictrainingin fetal echocardiography.

Development of Al models

An Al model was trained to classify fetal ultrasound four-chamber cardiac images into normal and
AVSD. Detailed information about the technical aspects of Al model development is shown in
Appendix S1. The dataset was retrospectively acquired and consisted of 173 fetal ultrasoundscans (98
with normal hearts and 75 with AVSD), all diagnosed antenatally. Multiple ultrasound videos
containing four-chamber views were used per fetus. Ultrasound videos were manually labelled by
image plane and quality, and only frames labelled as high-quality four-chamber views were used. The

total dataset size was 121,130 images.

Human interaction with Al

To compile the dataset for the experiment investigating human and Al combined performance, the test
and validation sets from the Al model development datasets were used (i.e., images not used for
training the model). 500 four-chamber images from 36 fetuses (16 with AVSD and 20 with normal
heart) were randomlyselected for the experiment, split evenly betweennormal hearts and AVSD (250
images for each). Temperature scaling was undertaken to improve calibration of model confidence
score, as previouslydescribed®. Gradient-weightedclass activation maps (grad-CAMS) were generated

foreach image, using previously published techniques?®.

The 500 images (250 normal and 250 AVSD) were presented to each clinician in four different
conditions which are outlined below, and shown diagrammatically in Figure 1. This meant that a total

of 2000 images were classified as either normal or AVSD by each clinical reviewer.

5UB0 | SUOWILIOD dAIRR.D 3|ged| [dde sy Ag peusenoh ale sajofe YO ‘3sN JO Sa|nJ 104 Aelqi]auluQ AS[IAN UO (SUORIPUOD-PUR-SLLLIBIWIOD A3 IM Afe.d 1)Ul {UOo//:SdNY) SUOHIPUOD pUe SWLB | 8} 89S *[7202/£0/90] U0 Afld17aulluo AJIM ‘ 1591 - BUdRH Ueses Aq 225z Bon/zo0T 0T/10p/wod A8 |1m Akiqipuljuo uABao//sdny wolj pepeojumod ‘el ‘'S0.0697T



e Condition1: the plain unprocessed image, with no additional Al information.
e Condition 2: the image with the addition of a binary Al model classification (‘normal’ or
‘AVSD’).
e Condition 3: as in condition 2, but with the addition of the temperature-scaled model
confidence, expressed as a percentage likelihood that the image represents a case of AVSD.
e Condition 4: as in condition 3, but with an additional grad-CAM image displayed adjacent to
the plainimage.
Clinicians (both medicaland non-medical) wererecruited from our tertiary fetal cardiologyunit. Years
of experience (both since qualification, and specifically in fetal ultrasound) and professional
background (consultant fetal cardiologist, specialist trainee doctor in pediatric cardiology, or
sonographer) were recorded. The 2000 images were displayed to each clinician in a random order,
using a bespoke platform implemented in Python version 3.10. For each image the participant was
asked toselect normal or AVSD as the most likely diagnosis. Before startingthey were informed of the

prevalence of AVSD amongthe image dataset (i.e., 50%), and the accuracy of the Al model. Theyalso
received tuition onthe meaning of the Al model output, the model confidence, and grad-CAMimage.

Accuracy was defined as number of correct classifications / number of images. 95% confidence
intervals were calculated using the exact Clopper-Pearson method. Accuracy was compared between
conditions using the paired McNemartest for proportions. A p-value of less than 0.05 was considered

significant.

This work was undertaken as part of a research project which has approval from the East of Scotland

Research Ethics Service, reference 20/ES/0005.
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Results

Ten clinician participants were recruited (two consultant fetal cardiologists, five non-medical
sonographers, and three doctors undertaking specialist higher training in pediatric cardiology). The
consultant fetal cardiologistshad 29 and 20 years of post-qualification medical experience,and 22 and
7 years of consultant-level experience in fetal cardiology. The sonographers had a mean post-
gualification experience of 27.4 years (range 17-39 years), with a mean of 14.2 years’ experience in
fetal ultrasound (range 5-25 years). All sonographers had completed the Fetal Medicine Foundation
online training course in Fetal Echocardiography. The pediatric cardiology trainee doctors were all
working at fellow / registrar level, had a mean post-qualification experience of 8 years (range 7-9
years), and a mean experience in pediatric cardiology (including postnatal echocardiography) of 2.7
years (range 1-4 years). All the trainee doctors had less than one year’s experiencein fetal cardiology.
For analysis the operators were split into more experienced (the sonographers and fetal cardiology
consultants), and less experienced (the trainee doctors). 20,000 human clinician classifications were

recordedintotal.

The accuracy of the Almodel in diagnosing AVSD in this dataset was 0.798 (95% Cl 0.760 — 0.832), with
a sensitivityof 0.868 (95% Cl 0.834 —0.902) and specificity of 0.728 (95% CI 0.702 —0.754). The overall
clinician performance when shown images without Al assistance (condition 1) was an accuracy of
0.844 (95% Cl 0.834 —0.854), significantly better than the Al model (p < 0.001), and a sensitivity of
0.827 (95% C10.795 —0.858) and specificity of 0.861(95% Cl 0.828 — 0.895). This superiority in accuracy
was restricted to the more experienced participants (accuracy 0.873, p <0.001), with the less
experienced group showing a non-significant trend towards poorer performance compared to the Al

model (accuracy 0.777, 95% Cl 0.755 — 0.798, p =0.161).

Figure 2 and Table 1 show the performance of the clinicians when shown the image in the different
conditions. Showing a binary Al model prediction with the image (condition 2) improved overall

performance comparedto a plain image (condition 1), with an accuracy of 0.865 vs 0.844 (p <0.001).
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This effect was seenin both more experienced and less experienced operators. Giving additional
information (either model confidence (condition 3), or grad-CAM (condition 4)) along with the image
did not significantly improve performance compared to giving a binary Al model output. For the
clinicians as a whole, giving model confidence (condition 3) resulted in a deterioration in overall
performance compared to condition 2 (accuracy 0.850 vs 0.865 respectively, p=0.002). For the more
experienced group, both model confidence (condition 3) and grad-CAM (condition 4) resulted in a
worse performance compared to condition 2 (accuracy 0.872 and 0.877 respectively vs 0.888, p =0.001
and 0.029 respectively). Forthe lessexperienced group, giving model confidence or grad-CAMdid not

significantly change the accuracy compared to condition 2.

To investigate the effect of professional group in more detail, we further stratified the more
experienced group into the fetal cardiology consultantsand the sonographers so that the performance
of fetal cardiology consultants, sonographers and trainees can be seen separately. The results of this
analysis are shown in Table S1 and Figure S1. The patterns of performance seen with the different
conditions of image are similar between the sonographers and consultants, with both groups
significantly outperforming the Al model. Although the consultants’ accuracy was higher when shown
the binary Al model output (condition 2) compared to operating alone, thisimprovement did not reach

statistical significance.

Figure 3 and Table 2 show the results stratified by whether the Al advice was correct or incorrect. The
unassisted clinicians had higher performance on the images where the Al was correct compared to
where the Alwasincorrect (accuracy 0.865 vs 0.761, p < 0.001), probably reflecting the fact that these
were easier images to classify (either because image quality was better, or because the pathological
findings were more obvious). For the images where Al was correct, the addition of Al advice with a
binary Al classification resulted in asignificantimprovementin accuracy compared to clinicians using
the plainimages (0.908 vs 0.865, p <0.001). Givingadditional information (model confidence or grad-

CAM) did not change performance compared to binary Al advice.
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Giving incorrect Al advice resulted in a significant deterioration in clinician performance (accuracy
0.693 vs 0.761, p <0.001). This effect was driven by an increase in both type | and type Il error, (i.e.,
both false negatives and false positives) with a deterioration seen in both sensitivity and specificty
whenthe Al was incorrect. The effect was worsened when additional information (model confidence

or grad-CAMwas given (0.649 and 0.644 respectively, both p <0.001).
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Discussion

We have demonstrated, forthe first time in fetal ultrasound, that giving Al advice to clinicians results
ina significantimprovementin the overall diagnostic performance of the clinician-Al team, compared
to either Al or clinicians operating alone. This improvement is seen in both experienced experts and
less experienced trainee doctors, and is also seen even if the Al performance alone is inferior to
clinicians. This supports the hypothesis that a human-in-the-loop Al system may have utility in
improving fetal ultrasound screening for structural malformations, even if neither the human

sonographernor Al model achieves 100% accuracy.

The relative performance of Al alone compared to clinicians varied by the experience of the human
operator. In this study, the performance of experienced fetal cardiology clinicians was inde pendently
superior to Al, but the performance of less experienced operators was similar to Al alone. Whether
this potential benefitwould be magnified in a less specialist setting remains unknown. Work in other
imaging modalities has shown variable results, with some finding Al does not improve expert
diagnostic performance, and others findings a significant improvement®2. We have also shown that
giving incorrect Al model outputs worsened clinician performance, in keeping with work in other
imaging modailites®3. This effect was driven by causing an increase in both false negative and false

positive decisions by the clinicians, resultingin adecrease in both sensitivity and specificity.

In previous work we have discussed the issue of trust calibration’. The Al model used in thiswork did
not have 100% sensitivity or specificity, meaning that it was incorrect for an important number of
images. If we had amodel that operated perfectly, trust calibration would not be required, as clinicians
would simply trustthe model output every time. However, we feel that this situation is unlikely to be
realityinthe near future, especially for AVSD detection given how subtle thislesion can be (making it
difficult for both humans and Al to detect). Forthisreason, we feel trust calibration will be important

forany clinical use of Al in this context.
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Trust calibrationis the concept of human operatorscalibrating their trust according to Al performance,
meaning that they trust the Al model output when it is correct, but distrust it (and therefore
appropriately overrule it) when it is wrong. We postulated that giving additional information to the
human operator (such as the confidence of the Al model, or a grad-CAM showing which area of the
image has been most influential in the model decision) may improve their trust calibration. Our
findings do not support this hypothesis, in contrast to work in other imaging modalities**. When the
Al model was correct, giving additional information did not make the clinicians more likely to trust it
compared to just simply displaying the overall model diagnosis as ‘normal’ or ‘AVSD’. When the Al
model was incorrect, giving additional information counterintuitively made the clinicians more likely

to inappropriately trust the Al, resultingin significantly worse performance.

The causes of this are not completely clear. We have shown that for the images where the Al was
incorrect, the clinicians also found these difficult to classify, with an overall lower diagnosticaccuracy
compared to the other images. In such situations, the clinicians may be more likely to rely on the Al
diagnosis, even though it is wrong. It is possible that giving additional information simply adds
credence to the Al decision, makingit seem more trustworthy even thoughit should be distrusted, so-

called “automation bias”*°.

Output prediction scores of deep neural networks, if interpreted as likelihood point estimates, are
known to be overly confident, meaningit becomes difficult forthe human usertointerprettheseand
use themto help calibratetrust. Temperaturescaling, as we have done here, only partially ameliorates
this, and as we have shown the model confidence outputs were not helpful to the clinicians when they
were judging whether to trust or distrust the Al. How to improve the relationship between Al model
confidence and likelihood of correctness is an area of active research, and more accurate metrics may
become much more useful to human operators. However, even if more accurate, rather than real-

value probabilities, alternative methods of communicating these metrics may be more effective (for
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example, a general indicator that the Al should be ‘trusted’, ‘not trusted’, or ‘approached with

caution’).

Similarly, we have shown that our class activation map image overlays were not useful to the clinicians.
Agrad-CAMimage is arelatively simplisticgraphical display of the final layer of a highly complex neural
network, and does not necessarily reflect the workings of the multiple hidden layers of the network.
Additionally, the area ofthe image mostinfluentialin the final model decision is not necessarily helpful
in deciding if the model is correct. For some images the grad-CAM of an incorrect Al model output
clearly shows that an area outside the heart is being highlighted, meaning that the clinician may use
this to decide to overrule the Al. However, in many images this was not the case, with appropriate
highlight of the cardiac crux. In these cases, this may give false reassurance leading to inappropriate

trust of the Al by the clinician.

There are several limitations to the current work. Firstly, the setting was a retrospective review of still
images, which is different to how these clinicians would work in clinical practice, i.e., real-time
interpretation of moving ultrasound video. Diagnosing AVSD from still images is not the same task as
making an overall diagnosis of AVSDin afetus, and this probably accounts forthe lower accuracy seen
inthis task than expectedif they were assessing on a per-fetus basis, and limits the generalizability of
thiswork to clinical practice. It isfar more difficult to diagnose any malformation from a single image
comparedto a complete ultrasound examination, and we acknowledge that this will have influenced
human performance in this study. The psychological effect of forcing the clinicians to make a binary
decision based on a single image is very different to how clinicians operate in either a screening or
specialist setting, where much richer data would be available, either from otherimagesorotherclinical
information. We still feel thatassessinginteraction between human clinicians and Alin this context is
informative and, but further workis plannedto developthese Al techniquesso thatthe Al models can
be runinreal time, and allow simultaneous image acquisition and interpretation with Al assistance, to

allow a closerrepresentation of true clinical workflow.
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Secondly, all casesincludedin this study were diagnosed antenatally, so may not be representative of
the casesthat are most importantto focuson, i.e. those casesthat are currently missed. In addition,
as in most studies in this field, the available dataset is relatively small meaning that the images used
in this study were taken from alimited number of fetuses, with multiple images taken from the same
fetus. Thisisimportant, assome AVSDs are far easierto detect than others, anditis possible the cases
chosenfor thisstudy are not representative of the overall population of fetuses with AVSD. For more
‘obvious’ AVSDsitwould be easierforthe clinician to overrulethe Alif it was incorrect, so the nature
of trust calibration would be altered. Future prospective clinical trials based in screening units will be
animportant way of assessing theseissues, asitis likely that the Al model performance will deteriorate
with this type of clinical translation, in part because the types of cases encountered at a population

screening level may be differentto aspecialistlevel, causing a degree of covariate shift.

Thirdly, we used only a single fetal CHD lesion, AVSD. This was selected as it has a relatively poor
antenatal detection rate compared to other major congenital heart diseases'®. Also, it is diagnosable
from a single plane (the four-chamber view), and although long-term outcomes are good following
surgery’, due toits extremely high association with chromosomal disorders antenatal detection is of
great importance. Ourgroup and others are working on broadening Al classification models to cover

the entire CHD spectrum, and further work will be required toinvestigate how applicable the results

of the present study are to disparate fetal conditions.

Finally, the clinicians were recruited from a tertiary referral center for pediatric and fetal cardiology.
This means that their performance specific to CHD may be superior to sonographers operating at a
screening level. However,we have shown that our findings hold true evenwhen restricted to afarless
experienced group. Despite this, is it possible that impact of Al assistance in the setting of screening
ultrasound (where the vast majority of examinations will be normal), may be completely different to

when usedinaspecialist setting. Involvement of screening level sonographersin future studies will be
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important to examine the generalizability of this work when we consider exactly how Al might be

integrated into the actual clinical workflow of a national screening program.

Conclusion

We have shown that human clinicians and Al working together to diagnose fetal CHD on ultrasound
can have superior performance compared to either clinicians or Al operating alone. This is supportive
of the idea that Al might be of real clinical value in this context, even if the Al does not reach expert
level performance. However, giving incorrect Al advice results in a deterioration in clinidan
performance. We examined the utility of providing additional information about the Al model to the
clinicians to mitigate against this, but conversely found that this resulted in a further deteriorationin
accuracy. Further work is required to investigate methods of avoiding this potentially dangerous

phenomenon, if clinicalintegration of Alis being considered.
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Figure legends

Figure 1: examples of the four conditions in which each image was displayed to the clinician
participants. A: condition 1, plain ultrasound image, without Al output; B: condition 2, image with
binary model output; C: condition 3, image with model output and model confidence, expressed a
probability of an AVSD diagnosis; D: condition 4, image with model output, model confidence score,
and gradient-weighted class activation map (grad-CAM). In the grad-CAM, red and yellow colors
indicate a greaterrelative influence of those pixels to the final model output, and green and blue color

indicate alesserrelativeinfluence.

Figure 2: diagnostic performance accuracy, stratified by level of experience of the human operator.
More experienced: fetal cardiology consultants and sonographers; less experienced: pediatric
cardiology trainee doctors; AVSD: atrioventricular septal defect; grad-CAM: gradient-weighted class

activation map; Al: artificial intelligence. Error bars represent one standard error. * = p < 0.05.

Figure 3: diagnostic performance accuracy of clinicians, stratified by correctness of Al model output.
AVSD: atrioventricular septal defect; grad-CAM: gradient-weighted class activation map; Al: artificial

intelligence. Error bars represent one standard error. * = p < 0.05.
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Tables

Table 1: AVSD classification accuracy, by image type and clinicians’ experience.

All clinicians More experienced clinicians Less experienced clinicians
Accuracy  Sensitivity  Specificity P value Accuracy  Sensitivity Specificity P value Accuracy Sensitivity ~ Specificity P value
(95% Cl) (95% Cl) (95% Cl) (95% Cl) (95% Cl) (95% Cl) (95% Cl) (95% Cl) (95% Cl)
Condition 1 0.844 0.827 0.861 0.873 0.868 0.877 0.777 0.731 0.824
(image with (0.834- (0.795- (0.828- (0.861-  (0.828-  (0.836- (0.755- (0.682— (0.766—
no Al 0.854) 0.858) 0.895) 0.883) 0.908) 0.918) 0.798) 0.779) 0.882)
information)
Condition 2 0.865 0.866 0.864 <0.001 * 0.888 0.893 0.883 0.004 * 0.810 0.801 0.819 0.005 *
(image with (0.855— (0.832— (0.830- (0.877-  (0.852-  (0.836- (0.789- (0.746— (0.762—
Al 0.874) 0.899) 0.897) 0.898) 0.935) 0.918) 0.830) 0.857) 0.876)
classification)
Condition 3 0.850 0.847 0.852 0.292 * 0.872 0.878 0.866 0917 * 0.797 0.775 0.820 0.103 *
(image with (0.839- (0.815— (0.819- 0.002 * (0.860— (0.838- (0.842— 0.001 * (0.776- (0.722- (0.763- 0.262 t
Al 0.859) 0.880) 0.885) 0.883) 0.919) 0.924) 0.817) 0.828) 0.877)
confidence)
Condition4 0.858 0.845 0.871 0.011 * 0.877 0.874 0.880 0.455 * 0.814 0.779 0.849 0.003 *
(image with (0.848- (0.813- (0.837- 0.180 * (0.866— (0.833- (0.839- 0.029 * (0.793- (0.725- (0.790- 0.722 ¢
grad-CAM) 0.868) 0.878) 0.905) 0.888) 0.914) 0.921) 0.833) 0.832) 0.909)

T comparison of accuracy with condition 1 (plainimage without Al support); $ comparison of accuracy with condition 2 (assistance with binary Al output)
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Table 2: AVSD classification accuracy by clinicians, stratified by correctness of Almodel.

Images with correct Al

Images with incorrect Al

Accuracy Sensitivity Specificity Pvalue Accuracy (95% Sensitivity Specificity Pvalue
(95% Cl) (95% Cl) (95% Cl) cl) (95% Cl) (95% Cl)
Condition 1 0.865 0.843 0.891 0.761 0.721 0.781
(image with no Al (0.854-0.875) (0.808-0.878) (0.851-0.932) (0.734-0.787) (0.649-0.793) (0.725- 0.837)
information)
Condition 2 0.908 0.898 0.920 <0.001 T 0.693 0.652 0.713 <0.001 T
(image with Al (0.899-0.917) (0.861-0.936) (0.878-0.962) (0.664—0.721) (0.592—0.711) (0.664— 0.762)
classification)
Condition 3 0.901 0.887 0.917 <0.001 t 0.649 0.588 0.678 <0.001 t
(image with Al (0.891-0.910) (0.850-0.924) (0.875-0.959) 0.137 * (0.618-0.678) (0.543-0.633) (0.633—0.723) 0.001 *
confidence)
Condition 4 0.907 0.886 0.932 <0.001 t 0.644 0.579 0.706 <0.001 t
(image with grad- (0.898-0.916) (0.849-0.923) (0.890-0.975) 0.840 * (0.634-0.693) (0.536-0.622) (0.658—0.754) 0.046 *

CAM)

T comparison of accuracy with condition 1 (plainimage without Al support);  comparison of accuracy with condition 2 (assistance with binary Al output)
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