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Theintegration of artificial intelligence (Al) in medical image interpretation
requires effective collaboration between clinicians and Al algorithms.

Although previous studies demonstrated the potential of Al assistance in
improving overall clinician performance, the individual impact on clinicians
remains unclear. This large-scale study examined the heterogeneous
effects of Al assistance on 140 radiologists across 15 chest X-ray diagnostic
tasks and identified predictors of these effects. Surprisingly, conventional
experience-based factors, such as years of experience, subspecialty and
familiarity with Al tools, fail to reliably predict the impact of Al assistance.
Additionally, lower-performing radiologists do not consistently benefit
more from Al assistance, challenging prevailing assumptions. Instead,

we found that the occurrence of Al errors strongly influences treatment
outcomes, withinaccurate Al predictions adversely affecting radiologist
performance on the aggregate of all pathologies and on half of the
individual pathologies investigated. Our findings highlight the importance
of personalized approaches to clinician-Al collaboration and the
importance of accurate Al models. By understanding the factors that shape
the effectiveness of Al assistance, this study provides valuable insights for
targeted implementation of Al, enabling maximum benefits for individual
cliniciansin clinical practice.

Theintegration of artificial intelligence (Al) into medical image inter-
pretation has shown great potential forimproving diagnostic accuracy
and efficiency' . Collaborative setups, where Al systems assist clini-
ciansindecision-making, have emerged as practical approachesto har-
ness the benefits of Alwhile leveraging clinician expertise'° >, However,
to optimize theimplementation of Alin clinical practice, itis crucial to
have acomprehensive understanding of the heterogeneity—the diverse
and individualized effects—of Al assistance on clinicians. Clinicians
possess varying levels of expertise, experience and decision-making
styles, and ensuring that Al support accommodates this heterogeneity
isessential for targeted implementation and maximizing the positive
impacton patient care.

Previous studies on clinician—Al collaboration predominantly
focused on analyzing groups of clinicians as awhole, overlooking the
variations in how Al affects individual clinicians'*2°. Although some
studies explored the heterogeneity of Al effects based on factors such
asaradiologist’s seniority” >, task expertise** and experience level* 25,
these studies have certain limitations. They often measure changes
in predictions rather than changes in prediction accuracy, and they
tend to neglect potential predictors, such as experience with Altools.
Additionally, although some research considered indirect measures
of diagnostic skill, such as years of experience, there remains alimited
understanding of whether direct measures of clinicians’ diagnostic
skill can accurately predict the effects of Al assistance. Therefore,
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conducting a comprehensive investigation into the heterogeneous
effects of Alis crucial for determining which clinicians should receive
Al assistance in real-world healthcare settings.

Inthe present study, we investigated the predictors of heterogene-
ous treatment effects of Al assistance in radiology, where treatment
effect refers to the change in diagnostic performance of radiologists
from without to with Al assistance. To achieve this, we examined a
large-scale diagnostic study that measured the performance of 140
radiologists withand without Al assistance on15 chest X-ray diagnosis
tasks. Participating radiologists received onboarding training on the
assistive Al system before starting the experiment and were shown
example Al predictions fromthe same Almodel used inthe experiment,
which would help them calibrate their interpretation of Al predictions
andinformtheirincorporation of Al. Our analysis focuses on the influ-
ence of experience-based predictors, direct measures of diagnostic
skilland Al error on the outcome of treatment effects and examines this
influenceinterms of both calibration performance and discrimination
performance. We found substantial heterogeneity in the treatment
effects of Al assistance among radiologists. Moreover, our findings
reveal that experience-based characteristics and direct measures of
diagnosticskill proveinadequate in predicting the treatment effect of
Alassistance onradiologists. Additionally, we highlight the influential
role of Al error on the treatment effect. Lower absolute Al error leads
to a greater treatment effect on all pathologies aggregated and on
half of theindividual pathologiesinvestigated, and the direction of Al
error also impacts the treatment effect outcome. By uncovering the
heterogeneity of Al effects and identifying predictors of the treatment
effect, our study offers valuable insights for the targeted implementa-
tion of Al assistance in clinical practice. Comprehending the factors
contributing to the heterogeneity of Al effects is vital for the develop-
ment of tailored strategies to optimize clinician-Al collaboration, to
guide resource allocation and training efforts and to foster trust and
acceptance among clinicians.

Results

Heterogeneous treatment effects of Al assistance

We analyzed data collected using a diagnostic study involving 140 radi-
ologists, 324 patient cases and 15 pathologies with corresponding Al
predictions from two study designs: one with repeated measurements
onthe same case and one without®. The non-repeated-measure design
involved107 radiologists who each reviewed atotal of 60 patient cases,
with 30 cases assessed without Al assistance and 30 cases assessed
with Al assistance. For each set of 30 patient cases, radiologists exam-
ined half without clinical histories and half with clinical histories. The
repeated-measure design included 33 radiologists who evaluated 60
patient cases under four conditions: with Al assistance and clinical his-
tories, with Al assistance without clinical histories, without Al assistance
withclinical histories and without either Al assistance or clinical histories.
In our analysis, we combined data from the clinical history conditions
and investigated the heterogeneous treatment effect of Al assistance.

Inthis study, calibration performance was measured by absolute
error. Absolute error was defined as the absolute difference between
theradiologist-predicted probability and the ground truth probability
on a 0-100 scale. Treatment effect was defined as the improvement
in absolute error, specifically the difference between the absolute
error of aradiologist when unassisted by Al (unassisted error) and the
absolute error when assisted by Al (assisted error), unless otherwise
specified. Absolute error was the primary metric of analysis; thus, refer-
ences to performance and treatment effects are based on this metric
by default. Discrimination performance was measured by area under
the receiver operating characteristic (ROC) curve, where the ground
truth labels were computed by thresholding the continuous ground
truth probabilities at 50. Treatment effect on AUROC was defined as
the improvement in AUROC, specifically the difference between the
AUROC of aradiologist when assisted by Al (assisted AUROC) and the
AUROC when unassisted by Al (unassisted AUROC).

Our findings revealed substantial heterogeneity in the treatment
effects of Al assistance among different radiologists (Extended Data
Fig.1and Supplementary Table 1). When measuring Al’s treatment
effect as the improvement in absolute error across all pathologies,
we observed a range of treatment effects from -1.295 to 1.440 (inter-
quartile range (IQR), 0.797). Notably, for high-prevalence pathology
labels (pathology labels with prevalence greater than10% in the data-
set), the largest range of treatment effects extended from -8.914 to
5.563 (IQR, 3.245) for detecting whether chest X-rays are abnormal. In
comparison, when examining the distribution of radiologists’ unas-
sisted error (Extended Data Fig. 2), we observed an average range of
unassisted error from 6.083 to 14.175 (IQR, 1.951) across pathologies.
The significant heterogeneity in treatment effects indicates that the
impact of treatment effects ranging from -1.295 t0 1.440 (IQR, 0.797)
could substantially influence the absolute performance and relative
performance of radiologists compared to their peers. Furthermore, the
heterogeneity in treatment effects on high-prevalence pathology labels
remained substantial when compared to radiologists’ unassisted error.

Additionally, we found substantial heterogeneity in treatment
effects on sensitivity and specificity. The range of treatment effects
onradiologists’ sensitivity and specificity averaged from 1.9% to 11.8%
(IQR,1.9%) and from —4.0% to 3.1% (IQR, 1.6%), respectively, across all
pathologies (Extended Data Fig. 3). In comparison, the range of unas-
sisted sensitivities spanned from 20.0%t0 92.7% (IQR, 15.3%), whereas
the range of unassisted specificities ranged from 81.5% to 99.2%
(IQR, 4.0%). These findings indicate substantial heterogeneity in treat-
ment effects on sensitivity and specificity, which aligns with observa-
tions regarding absolute error.

Experience-based characteristics as predictors

We studied whether experience-based radiologist characteristics could
function as potential predictors of treatment effect. Specifically, we
examined three characteristics: years of experience (explored in previ-
ouswork*?®), subspecialty in thoracic radiology (explored in previous

Fig.1| Experience-based radiologist characteristics as predictors of
treatment effect on all pathologies aggregated. a, Heterogeneous treatment
effects of subgroups of radiologists on all pathologies aggregated. The treatment
effects were shrunk toward the mean using the empirical Bayes method.
Statistically significant heterogeneity was observed between subgroups

(P=3.50 x107**), where radiologists with a higher than median treatment effect
had asignificantly higher treatment effect of 0.472 (95% CI: 0.403 to 0.541) than
those with a treatment effect lower than or equal to the median of -0.357 (95%
Cl:-0.429t0 0.284). A two-sided, unpaired t-test between the two subgroups of
treatment effects was conducted. Testing for all pathologies aggregated did not
constitute multiple hypothesis testing. The error bars show 95% Cls. b, Treatment
effects on all pathologies aggregated of subgroups of radiologists based on
combined characteristics of years of experience, subspecialty in thoracic
radiology and experience with Al tools. No statistically significant difference was

observed between the lower predicted treatment effect subgroup, 0.091(95%
Cl:-0.231t0 0.413), and the higher predicted treatment effect subgroup, 0.070
(95% Cl:—0.243 t0 0.383) (P> 0.05). The Wald test was used to test regression
coefficients that estimate treatment effects against the null hypothesis of
jointequality among treatment effects of different subgroups. Details of the
statistical models are available in the Methods. There are 136 radiologists with
available survey data on the three characteristics. The error bars show 95% Cls.
NSindicates no statistical significance (P> 0.05). ¢, Same subfiguresasinaand b
based onyears of experience (left), subspecialty in thoracic radiology (middle)
and experience with Al tools (right), respectively. The same statistical testasinb
was used. d, Same subfigure as in b for AUROC on all pathologies aggregated.
The same statistical test asin b was used. e, Same subfigures as in d based on years
of experience (left), subspecialty in thoracic radiology (middle) and experience
with Altools (right), respectively. The same statistical test asin b was used.
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work?*) and experience with Al tools (an understudied characteristic
that approximates the ability to use Al). These characteristics were
collected through a post-experiment survey completed by 136 radi-
ologists.

To establish a benchmark, we divided the same 136 radiologists
intobinary subgroups using anoracle predictor and median treatment
effect as the cutoff. We computed the subgroup treatment effects on
all pathologies aggregated (Fig. 1a) and high-prevalence pathology
labels (Extended Data Fig. 4a) while shrinking the individual radiologist
treatment effects using the empirical Bayes method*’ to ameliorate
overestimation of heterogeneity due to measurement error inradiolo-
gist performance. We observed astatistically significant difference of
-0.828 (232%) between the two subgroups on all pathologies aggre-
gated (P < 0.001; Supplementary Table 2) and on each high-prevalence
pathology label (Benjamini-Hochberg-adjusted P < 0.001), indicating
thatradiologists with a higher than median treatment effect had a sig-
nificantly higher treatment effect than those with a treatment effect
lower than or equal to the median. This finding suggests a significant
heterogeneity between radiologists and shows the extent of heteroge-
neity thatanideal predictor would have been able to discern.

Tounderstand the predictive power of experience-based radiolo-
gist characteristics together, we built acombined characteristics linear
regression model that used binary variables for years of experience
(whether the radiologist had less than or equal to the median 6 years
of experience), subspecialty in thoracic radiology (whether the radi-
ologist specialized inthoracicradiology) and experience with Al tools
(whether the radiologist had experience with Al tools) asindependent
variablesand anintercept termto predict the mean treatment effect of
each radiologist. We found that the combined characteristics model
was a poor predictor of treatment effect on all pathologies aggre-
gated (Fig. 1b) and individual pathologies (Extended Data Fig. 4b). No
statistically significant difference was observed in treatment effect
between subgroups on all pathologies aggregated (P> 0.05; Supple-
mentary Table 3) or on individual pathologies (P> 0.05, Benjamini-
Hochberg-adjusted P> 0.05).

To assess the impact of these characteristics as individual pre-
dictors on treatment effects, we divided the radiologists into binary
subgroups based onthe median value of each predictor. Subsequently,
we conducted tests toidentify any significant differencesin treatment
effects between the subgroups created based on the predictor values.
Whenusedindividually, each of the experience-based characteristics
was found to be a poor predictor of treatment effect: no statistically
significant difference was observed in treatment effect between sub-
groups on all pathologies aggregated (P> 0.05; Fig. 1c and Supple-
mentary Tables 4-6). Except for the Al experience predictor onedema
(P=0.009, Benjamini-Hochberg-adjusted P> 0.05), there was also
no statistically significant difference between subgroups split based
onindividual characteristics for any pathology (P> 0.05, Benjamini—
Hochberg-adjusted P> 0.05; Extended Data Fig. 4c).

Inaddition to absolute error and calibration performance, we con-
ducted the same analyses for AUROC as the metric and discrimination
performance. We found that the combined characteristics model was
againapoor predictor of treatment effect on AUROC onall pathologies
aggregated (Fig.1d) and individual pathologies (Extended DataFig. 5a).
Nosstatistically significant difference was observed in treatment effect
between subgroups on all pathologies aggregated (P> 0.05; Supple-
mentary Table 27) or on individual pathologies (P> 0.05, Benjamini-
Hochberg-adjusted P> 0.05). Each of theindividual experience-based
characteristics was also found to be a poor predictor of treatment
effect on AUROC: no statistically significant difference was observed
intreatment effect between subgroups onall pathologies aggregated
(P>0.05; Fig. 1e and Supplementary Tables 28-30). Except for the
Al experience predictor on airspace opacity (P = 0.045, Benjamini-
Hochberg-adjusted P> 0.05), there was also no statistically significant
difference between subgroups split based onindividual characteristics
for any pathology (P> 0.05, Benjamini-Hochberg-adjusted P> 0.05;
Extended Data Fig. 5b).

Unassisted performance as a predictor of treatment effect

Inaddition to experience-based radiologist characteristics, we inves-
tigated whether the diagnostic skill of radiologists, as measured by
their unassisted error on the specific dataset and task, could serve asa
viable predictor of treatment effect. We constructed alinear regression
model, where theindependent variable was the unassisted error and the
dependent variable was the treatment effect, accounting for attenua-
tion bias. We employed a split sampling approach, using distinct sets
of patient casesto calculate the unassisted error and treatment effect.

We observed that the regression coefficient on unassisted error
was positive but not statistically significant on all pathologies aggre-
gated (P> 0.05; Fig. 2a, left, and Supplementary Table 7). This finding
suggests that unassisted error is an inadequate predictor of treat-
ment effect. Among the individual pathologies, the regression coef-
ficient was significant on abnormal (P= 0.005), lesion (P=0.003) and
atelectasis (P =0.016) without correcting for multiple hypothesis
testing. However, the regression coefficient was not significant on all
individual pathologies after correction (Fig. 2b). This suggests that
unassisted error also poorly predicts treatment effect at the individual
pathology level.

We repeated the same analysis for AUROC and found that the
regression coefficient on unassisted AUROC was negative and not
statistically significant onall pathologies aggregated (P> 0.05; Fig. 2c,
left,and Supplementary Table 31). This suggests that unassisted AUROC
isalso a poor predictor of treatment effect in terms of discrimination
performance.

Preventing reversion to the mean using split sampling
We found that the use of split sampling was crucial in our analysis.
This method ensured that unassisted error and treatment effect were

Fig.2|Unassisted error as a predictor of treatment effect. a, Unassisted
error is a poor predictor of treatment effect on all pathologies aggregated (left).
Without split sampling, there is a hallucinated association between treatment
effect and unassisted error (right). The binscatter plots contain five evenly
spaced bins containing 5,190 data points in total. The gray regression line s
fitted on the raw data. The five bins are presented as -0.254 (95% CI: -0.701 to
0.211), -0.205 (95% Cl: -0.431t0 0.017), 0.590 (95% CI: 0.291 to 0.878), 0.301
(95% ClI: —0.487 t01.093) and —0.419 (95% Cl: -2.178 t0 1.125) (left) and -1.148
(95% Cl:-1.473 t0 -0.842), 0.078 (95% CI: -0.165to 0.313), 0.661 (95% CI: 0.327
t00.971),0.979 (95% Cl: 0.269 to 1.772) and 0.409 (95% CI: -0.982 t0 1.919)
(right). The blue dotted regression line is the final regression output after
adjusting for attenuation bias. The translucent band around the blue regression
line represents the 95% CI. *and ** indicate statistically significant difference
from zero atasignificance level of 0.05and 0.01, respectively. NSindicates

no statistical significance (P> 0.05). b, Unassisted error is a poor predictor

of treatment effect on eachindividual pathology. The binscatter plots are
designed in the same way as those ina. The significance of the slope coefficients
is determined through the Benjamini-Hochberg procedure, respectively, to
correct for multiple hypothesis testing (15 individual pathologies) at a false
discovery rate of 0.05 (*) and 0.01 (**). NS indicates no statistical significance
(Benjamini-Hochberg-adjusted P> 0.05). ¢, Same subfigures asin a for AUROC
onall pathologies aggregated. Unassisted AUROC is a poor predictor of
treatment effect on AUROC on all pathologies aggregated (left). Without split
sampling, there is a hallucinated association between treatment effect on AUROC
and unassisted AUROC (right). The five bins are presented as -0.073 (95% CI:
-0.196 t0 0.044), 0.057 (95% CI: —0.014 to 0.157), 0.065 (95% CI: 0.036 t0 0.095),
0.022(95% CI: 0.006 t0 0.038) and 0.033 (95% Cl: 0.016 to 0.052) (left) and 0.119
(95% CI: 0.058 t0 0.187), 0.074 (95% CI: 0.034 to 0.111), 0.065 (95% Cl: 0.050 to
0.079), 0.018 (95% CI: 0.007 to 0.028) and 0.001 (95% Cl: —0.011 to 0.012) (right).
w/o, without.
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calculated using separate sets of patient cases, preventing the spurious
correlation caused by reversion to the mean®—the statistical phenom-
enon where subsamples that deviate significantly from the mean are
more likely to converge toward the meanin subsequent subsamples. In
the context of this study, if aradiologist produces alower-than-average
quality diagnostic assessment on an unassisted case by chance, this
sameradiologist is very likely to produce abetter diagnostic assessment
onthesame case when assisted, resulting inapositive treatment effect;
conversely, if aradiologist produces a good diagnosis on a case unas-
sisted by chance, theradiologistis likely to produce aworse diagnosis
onthe same case assisted, resulting in a negative treatment effect. This
phenomenon, therefore, falsely creates a positive correlation between
unassisted error and treatment effect (unassisted error minus assisted
error). Split sampling prevents reversion to the mean by using disjoint
patient cases to compute unassisted error and treatment effect for
each data pointin the linear regression model.

To demonstrate the importance of split sampling, we constructed
anaive model that involved using all available patient cases to com-
pute the unassisted error (independent variable) and treatment effect
(dependentvariable). When we applied the naive model, we observed
a substantial hallucinated correlation between unassisted error and
treatment effect (Fig. 2a, right). On all pathologies aggregated, the
hallucinated regression coefficient was 0.357 (adjusted for attenuation
bias resulting from measurement error in radiologist performance)
and 0.309 (unadjusted), both statistically significant (P < 0.001; Sup-
plementary Table 8). Similar hallucinated correlations were observed
acrossindividual pathologies (Benjamini-Hochberg-adjusted P < 0.05).
These findings underscore the necessity of split sampling to mitigate
the effects of reversion to the mean.

With AUROC, we observed negative hallucinated correlations
between unassisted AUROC and treatment effect on AUROC on all
pathologies aggregated (P < 0.001; Fig. 2c, right, and Supplementary
Table 32) and individual pathologies (Benjamini-Hochberg-adjusted
P<0.001). Because AUROC isan aggregate metric over a set of patient

cases, the effects of reversion to the mean on AUROC cannot be untan-
gled at the case level. However, the dramatic hallucination of correla-
tions again emphasizes the necessity of split sampling.

Higher-performing radiologists are still higher performing
Considering the inadequate predictive power of unassisted error on
treatment effect, we hypothesized that the relative performance of
radiologists with and without Al assistance would remain largely con-
sistent. To test this hypothesis, we constructed a linear regression
model that regresses from unassisted error, the independent variable,
and an intercept term to assisted error, the dependent variable. We
adjusted for attenuation bias on the independent variable. To again
avoidreversion to the mean, we adopted a split sampling approachin
which we used separate sets of patient cases to compute unassisted
error and assisted error for each radiologist.

The results revealed that the regression coefficient on unas-
sisted error was significantly different from zero when considering
all pathologies aggregated (P < 0.001; Fig. 3a and Supplementary
Table 9). Similarly, the regression coefficient was significant on most
individual pathologies (Benjamini—-Hochberg-adjusted P < 0.05),
except for atelectasis, pneumothorax and shoulder fracture (Benja-
mini-Hochberg-adjusted P> 0.05; Fig. 3b). We similarly constructed
a linear regression model regressing from unassisted AUROC and
an intercept term to assisted AUROC. The regression coefficient on
unassisted AUROC was again significant onall pathologies aggregated
(P<0.001;Fig.3cand Supplementary Table 33), whereas the coefficient
was insignificant on abnormal (P> 0.05). Together, these findings
indicate that unassisted error serves as a strong predictor of assisted
error in most cases.

Al error as a predictor of treatment effect

We investigated whether higher-quality Al assistance led to better treat-
ment effects on average across radiologists and cases. We computed
the treatment effects of Al when the absolute error of Al-predicted

Fig.3|Expected performance of radiologists after receiving Al assistance.

a, Higher-performing radiologists are still higher performing after receiving Al
assistance on all pathologies aggregated. The binscatter plots contain five evenly
spaced bins containing 5,190 data pointsin total. The gray regression line is fitted
onthe raw data. The five bins are presented as 7.950 (95% ClI: 7.579 to 8.339), 8.569
(95% CI: 8.342 t0 8.827),10.197 (95% Cl: 9.870 t0 10.531),12.013 (95% Cl: 11.245 to
12.857) and 14.870 (95% Cl:13.418 t016.358). The red dotted regression line is

the final regression output after adjusting for attenuation bias. The translucent
band around the red regression line represents the 95% CI. *and ** indicate
statistically significant difference from zero at a significance level of 0.05and
0.01, respectively. b, Higher-performing radiologists are still higher performing
after receiving Al assistance on each individual pathology except for atelectasis,
pneumothorax and shoulder fracture, where the regression coefficients for

the slope are not statistically significantly different from zero. The binscatter
plots are designed in the same way as those in a. The five bins for abnormal are
presented as 22.712 (95% Cl: 21.050 to 24.323), 28.470 (95% CI: 27.411t0 29.528),
33.359 (95% Cl:32.298 t0 34.497), 41.729 (95% C1: 40.406 t0 43.045) and 43.904
(95% Cl:39.488 t0 48.428). The four bins for airspace opacity are presented as
15.590 (95% CI:14.809 t016.401),17.940 (95% Cl:17.198 t018.718), 22.414

(95% CI:20.828 t0 24.185) and 41.076 (95% CI: 33.894 to 48.061). The five bins

for atelectasis are presented as 11.550 (95% C1:10.558 t0 12.505),10.638 (95% CI:
10.030t011.221),11.366 (95% C1:10.070 t012.691), 9.777 (95% C1: 7.909 t0 11.676)
and 12.262 (95% Cl: 9.144 t015.681). The five bins for bacterial/lobar pneumonia
are presented as 4.191(95% CI: 3.645 t0 4.745), 4.443 (95% Cl: 4.069 t0 4.842),
5.474 (95% Cl:4.499 10 6.499), 6.619 (95% CI: 4.202 t0 9.317) and 9.861 (95% ClI:
7.620t012.169). The five bins for cardiomediastinal abnormality are presented as
14.061(95% Cl:13.295t0 14.817),16.268 (95% CI:15.609 t0 16.867), 21.241 (95% CI:
19.556t022.881),24.820 (95% Cl: 20.349 t0 29.464) and 34.358 (95% CI: 30.263 to
38.553). The five bins for cardiomegaly are presented as 10.169 (95% Cl: 9.615 to
10.727),14.611(95% Cl: 13.737 t015.516),19.483 (95% CI: 16.558 t0 22.551),39.736
(95% Cl1:32.091t0 46.737) and 26.732 (95% CI:17.879 to 35.100). The five bins

for consolidation are presented as 5.553 (95% Cl: 4.727 to 6.387), 6.230

(95% Cl1:5.826 t0 6.604), 7.219 (95% Cl: 6.447 t0 8.093), 9.631 (95% Cl: 7.575 to
11.707) and 11.915 (95% CI: 9.683 to 14.186). The five bins for edema are presented
as 7.761(95% Cl: 7.127 to 8.419),12.777 (95% CI:11.909 t0 13.616), 18.254 (95% CI:
16.937t019.523),19.268 (95% Cl:16.246 t0 22.671) and 39.059 (95% Cl: 27.886 to
49.837). The four bins for lesion are presented as 3.185 (95% Cl: 2.973 t0 3.386),
4.507 (95% Cl:3.856 10 5.170), 2.738 (95% Cl:1.476 to 4.203) and 22.835 (95% ClI:
13.974 t0 32.555). The five bins for pleural effusion are presented as 3.404

(95% Cl:2.794 t04.077),3.473 (95% CI: 2.950 t0 4.013), 4.401 (95% CI: 3.644 to
5.173),5.940 (95% Cl: 4.794 t0 7.119) and 6.073 (95% CI: 4.431t0 7.915). The five bins
for pleural other are presented as 0.410 (95% Cl: 0.348 t0 0.473), 0.729 (95% CI:
0.529t00.938),1.202 (95% Cl: 0.626 t0 2.120),1.668 (95% CI: 0.549 t0 3.153) and
6.883(95% CI:3.940 t010.317). The five bins for pneumothorax are presented as
0.689 (95% CI: 0.534 t0 0.880), 0.675 (95% CI: 0.493 to 0.891), 1.235 (95% Cl: 0.697
t02.004),1.425(95% Cl: 0.166 t0 3.263) and 1.345 (95% CI: 0.712 t0 2.059). The five
bins forrib fracture are presented as 2.614 (95% Cl: 2.246 t0 3.019), 3.405 (95% CI:
2.9021t03.942),3.357 (95% CI: 2.699 t0 4.112), 2.707 (95% CI:1.309 to 4.579) and
5.386 (95% Cl:3.032 t0 8.266). The five bins for shoulder fracture are presented as
0.594 (95% CI: 0.434 t0 0.768),1.093 (95% CI: 0.582 t0 1.765), 0.712 (95% CI: 0.477
t00.968), 0.171(95% Cl: 0.012 to 0.462) and 0.050 (95% CI: 0.000 to 0.118). The
five bins for support device hardware are presented as 9.389 (95% CI: 8.799 to
10.016),12.652 (95% CI: 11.702 t0 13.586),14.477 (95% Cl: 11.126 t0 18.418), 36.781
(95% C1:30.346 t0 43.310) and 45.214 (95% CI: 35.945 to 54.983). The significance
of the slope coefficients is determined through the Benjamini-Hochberg
procedure, respectively, to account for multiple hypothesis testing (15 individual
pathologies) at a false discovery rate of 0.05 (*) and 0.01 (**). NS indicates no
statistical significance (Benjamini-Hochberg-adjusted P> 0.05). ¢, Same
subfigure asinafor AUROC on all pathologies aggregated. Higher-performing
radiologists as measured by AUROC are still higher performing after receiving

Al assistance on all pathologies aggregated. The five bins are presented as 0.770
(95% Cl:0.697 t0 0.834), 0.814 (95% CI: 0.775 to 0.855), 0.874 (95% Cl: 0.859 to
0.888),0.889 (95% CI: 0.877 t0 0.900) and 0.924 (95% CI: 0.911 to 0.936).
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probabilities fell into five separate ranges, and we tested for hetero-  effect on all pathologies aggregated (P < 0.001; Fig. 4a and Supple-
geneity among Al error ranges by testing the joint null hypothesisof ~mentary Table 10). More accurate Al predictions led to higher treat-
equal treatment effects across bins. We found that different Alerror ment effects: Al assistance with absolute error under 20 resulted in
ranges resulted in statistically significant differences in treatment  atreatment effect of 0.679 (95% confidence interval (Cl): 0.492 to
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Fig.4|Alerror asapredictor of treatment effect. a, Al has greater treatment
effects on radiologists when the Al assistance has lower error on all pathologies
aggregated. The five bins are presented as 0.679 (95% Cl: 0.492 to 0.865), -1.509
(95% Cl: -2.267 t0 -0.750), =3.556 (95% CI: —4.878 t0 —2.235), -6.569 (95% CI:
-8.764 t0—4.374) and -16.845 (95% CI: —24.288 t0 -9.403). The error bars show
95% Cls. The blue lines show the overall treatment effect across Al error. *and
**indicate statistically significant difference among subgroups of different
Alerror through ajoint equality test at a significance level of 0.05and 0.01,
respectively. b, Al has greater treatment effects on radiologists when the Al
assistance has lower error on abnormal, airspace opacity, cardiomediastinal

abnormality, cardiomegaly, pleural effusion, pleural other, pneumothorax and
support device hardware. The reverse trend holds for bacterial/lobar pneumonia
and consolidation. The bar plots are designed in the same way as those ina. The
significance of the subgroup joint test is determined through the Benjamini-
Hochberg procedure, respectively, to correct for multiple hypothesis testing
(15individual pathologies) at a false discovery rate of 0.05 (*) and 0.01 (**). NS
indicates no statistical significance (Benjamini-Hochberg-adjusted P > 0.05).

¢, Alhas greater treatment effects on AUROC on radiologists when the Al
assistance has an absolute error in the range [20,100], whereas the trend is
unclear with absolute error in the range [0, 20].

0.865, n=176,130; Supplementary Table 11), whereas Al assistance
with absolute error above 80 resulted in a treatment effect of —16.845
(95% CI: -24.288 t0 —9.403, n = 371). No singular trend was observed
acrossindividual pathologies. Onabnormal, airspace opacity, bacterial/
lobar pneumonia, cardiomediastinal abnormality, cardiomegaly, con-
solidation, pleural effusion, pleural other, pneumothorax and support
device hardware, different Al ranges resulted in statistically significant
differencesin treatment effect (Benjamini-Hochberg-adjusted P< 0.05
for support device hardware, Benjamini-Hochberg-adjusted P < 0.01
for all others). More accurate Al predictions led to better treatment
effects on abnormal, airspace opacity, cardiomediastinal abnormal-
ity, cardiomegaly, pleural effusion, pleural other, pneumothorax and
support device hardware; the reverse trend held for bacterial/lobar
pneumonia and consolidation, whereas the trend was unclear for the
remaining pathologies (Fig. 4b).

We conducted the same analysis using AUROC, where we similarly
separated predictions into five bins based on the absolute error of
the Al-predicted probabilities based on binary ground truth labels
and computed the treatment effect on AUROC over all predictions
in each bin. We found that different Al error ranges again resulted
in statistically significant differences in treatment effect on AUROC
on all pathologies aggregated (P < 0.001; Fig. 4c and Supplementary
Table 34). The overall trend was unclear: more accurate Al predictions
led to higher treatment effects on AUROC when the Al assistance had
an absolute error in the range [20, 100], but treatment effects in the
range [0, 20] were smaller than those in the range [20, 60]. For indi-
vidual pathologies, the AUROC analysis was numerically feasible only
for airspace opacity, and the trend was unclear.

These findings suggest that Al error could be a predictor of treat-
ment effect, but the statistical significance and direction of the rela-
tionship could differ across pathologies and metrics.

Althat underestimates probabilities leads to better effect
We subsequently examined the impact of the direction of Al error on
the resulting treatment effect. We computed the treatment effects
of Al across 10 different ranges of signed error, which represents the
difference between Al-predicted probabilities and the corresponding
ground truth probabilities. Heterogeneity among these Al error ranges
was tested using a joint equality hypothesis.

We found that different ranges of Al signed error resulted in sta-
tistically significant differences in treatment effect on all pathologies
aggregated (P< 0.001; Supplementary Tables 12 and 13). We observed

that Al predictions with negative errors, indicating underestimation
of probabilities by the Al, led to better treatment effects compared to
predictions with the same magnitude of positive errors, indicating
overestimation of probabilities by the Al (Fig. 5a).

No singular trend was observed across individual pathologies.
For eight pathologies (abnormal, airspace opacity, atelectasis, cardio-
megaly, consolidation, lesion, pleural other andrib fracture), different
Al error ranges showed statistically significant differences in treat-
ment effect (Benjamini-Hochberg-adjusted P< 0.01). Among these
pathologies, Al predictions that underestimated probabilities led to
better treatment effects on airspace opacity, atelectasis, cardiomegaly,
consolidationandlesion, whereas the trend was unclear for the remain-
ing pathologies (Fig. 5b).

The same analysis could not be repeated for AUROC, because
there were not both cases with the pathology present and cases with
the pathology not present in each non-empty bin on all pathologies
aggregated or any individual pathology, causing the AUROC to be
undefined for most bins.

Alternative measures of performance

We found consistent results as the ones introduced in earlier sections
using alternative measures of performance. Specifically, in addition
to using (1) absolute error and signed error with continuous ground
truth probabilities and (2) AUROC as the metric for radiologist or Al
performance, we conducted the proposed analyses using absolute
error and signed error with binary ground truth labels, which were
computed by thresholding the continuous ground truth probabilities
at 50. Results are shown in Supplementary Tables 14-26.

Under binary ground truth labels, the relationships between
experienced-based characteristics and treatment effect found earlier
under continuous ground truth probabilities held for all pathologies
aggregated and individual pathologies (Supplementary Tables 16-19).
Therelationships between unassisted error and treatment effect held
except for lesion, where it was not statistically significant under con-
tinuous ground truth probabilities but was significant under binary
ones (Supplementary Table 20). The relationships between unas-
sisted error and treatment effect without split sampling held except
for edema, where it was statistically significant at a significance level
of 0.05 under continuous ground truth probabilities but was signifi-
cant at 0.01under binary ground truth probabilities (Supplementary
Table 21). Therelationships between unassisted error and assisted error
held except for rib fracture, where it was statistically significant at a

Fig. 5| Alsigned error as a predictor of treatment effect. a, Al has greater
treatment effects on radiologists when the Al assistance underestimates
probabilities, rather than overestimates probabilities, given the same absolute
error on all pathologies aggregated. The nine bins are presented as —3.560
(95% Cl: =9.472t02.353),2.089 (95% CI: 0.334 t0 3.844), 2.698 (95% Cl1:1.497
t03.899),2.483 (95% CI:1.897 t0 3.070), 0.398 (95% CI: 0.235t0 0.561), -2.933
(95% CI: =3.787 t0 —2.079), -5.018 (95% CI: —6.516 t0 —3.519), —6.968 (95% ClI:
-9.346 t0-4.591) and -16.845 (95% CI: —24.288 to —9.403). The error bars show
95% Cls. The blue bars show the overall treatment effect across Al error.* and
**indicate statistically significant difference among subgroups of different Al

signed error through ajoint equality test at a significance level of 0.05and 0.01,
respectively. b, Al has greater treatment effects on radiologists when the Al
assistance underestimates probabilities, rather than overestimates probabilities,
given the same absolute error on airspace opacity, atelectasis, cardiomegaly,
consolidation and lesion. The bar plots are designed in the same way as those ina.
The significance of the subgroup joint test is determined through the Benjamini-
Hochberg procedure, respectively, to correct for multiple hypothesis testing
(15individual pathologies) at a false discovery rate of 0.05 (*) and 0.01 (**). NS
indicates no statistical significance (Benjamini-Hochberg-adjusted P > 0.05).
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significance level of 0.05 under continuous ground truth probabilities
but was significant at 0.01 under binary ground truth probabilities
(Supplementary Table 22). The relationships between Al error and
treatment effect held for all pathologies aggregated (Supplementary
Tables 23 and 25). The relationships on individual pathologies also
varied as they did with continuous ground truth probabilities and did
not show asingular trend.

The overall consistencies of the results presented show the general
applicability of the findings to different ways of measuring radiologist
and Al performance.

Discussion

Inthis study, we investigated the heterogeneous treatment effects of Al
assistance onradiologists for chest X-ray diagnosis. Our findings, based
on alarge-scale sample of 140 radiologists, highlight the existence of
radiologist heterogeneity in treatment effects, which has substantial
implications for both absolute and relative performance. These results
underscore the inadequacy of a one-size-fits-all approach to Al assis-
tance and emphasize the importance of individualized strategies to
maximize benefits and minimize potential harms. Understanding who
benefits from Al assistance and who is negatively impacted is crucial
for effectively targeting Al assistance.

We found that experience-based radiologist characteristics,
including years of experience, subspecialty in thoracic radiology
and experience with Al tools, did not serve as reliable predictors of
treatment effect, in terms of both calibration performance and dis-
crimination performance. These findings challenge the associations
between experience-based radiologist characteristics and the treat-
ment effect of Al assistance reported in previous research? %, The
observed variability could be attributed to our larger and more diverse
sample size, encompassing 140 radiologists with varying skill levels,
experiences and preferences. Additionally, our study’s inclusion of
awide range of diagnostic tasks enables a robust examination of the
complex factors influencing the treatment effect. Furthermore, the
performance characteristics and quality of the specific Al system
may play an important role, highlighting the need for developers to
consider these factors when deploying Al assistance. To optimize
theimplementation of Al assistance, acomprehensive assessment of
multiple factors, including the clinical task, patient population and Al
system, is essential.

Similarly, direct measures of diagnostic skill, such as unassisted
error, showed limited predictive power for treatment effects. This
finding again holds for both calibration performance and discrimina-
tion performance. Surprisingly, radiologists who initially performed
poorly without Al assistance did not necessarily benefit more or expe-
rience more harm from Al assistance compared to higher-performing
counterparts. We demonstrate that proper use of statistical meth-
ods, such as split sampling, is crucial to avoid spurious associations
between unassisted error and treatment effect and ensures reliable
conclusions about the predictive power of unassisted error. Future
research should consider cognitive abilities, adaptability to new
technologies and decision-making processes as potential predictors.
Developing accurate predictive models to identify radiologists who
are more likely to benefit from Al assistance holds promise for future
investigations. Without reliable predictors, itis necessary to measure
radiologists’ response to Al assistance under realistic simulations of
deployment settings before deciding whether to provide Al assis-
tance to different radiologists. For example, it may be necessary to
directly measure a radiologist’s treatment effect from the assistive
Al system on an experimental dataset that is representative of the
target patient population.

In addition to investigating the radiologist characteristics that
can impact Al’s treatment effect, we showed that higher-quality Al
assistance leads to better treatment effects in terms of calibration per-
formance measured by absolute error, whereas the trend was unclear

in terms of discrimination performance measured by AUROC. Our
results indicate that Al predictions with smaller errors lead to better
treatment effects on all pathologies aggregated, highlighting the
importance of developing more accurate Al models for assistance.
Conversely, Al predictions with large errors tend to lead to negative
treatment effects, suggesting that radiologists struggle to consistently
distinguishbetween accurate and inaccurate Al predictions and can be
misled by inaccurate Al predictions. Moreover, we observed that, given
the same absolute error, Al predictions that underestimate the ground
truth probabilities canlead to better treatment effects than predictions
that overestimate them on all pathologies aggregated. Apart from
improving Alaccuracy, itis valuable to help radiologists better identify
inaccurate Al predictions. For example, assistive Al systems that pro-
vide explanations for their predictions* or generate nuanced radiology
reports® ¥, rather than probabilities alone, may allow radiologists to
potentially extract value from inaccurate Al predictions. In addition,
we emphasize that these findings between Alaccuracy and treatment
effect are the result of many factors simultaneously at play, including
the ground truth probability, the radiologist’s predicted probability
and how radiologists interpret and use Al assistance, which can all be
correlated with Al's predicted probability. Therefore, these findings
should not be extrapolated for defining the cognitive mechanism in
which Al assistance helps or hurts radiologists. Further research with
explicit control of the potential factorsis necessary to understand that
underlying mechanism?.

Our study has several limitations that should be acknowledged.
First, the randomization of treatment conditions in the experiment,
although necessary to eliminate confounding factors, prevented the
analysis of temporal trends in radiologists’ response to Al assistance.
We were unable to assess whether radiologists improved inincorporat-
ing Al predictions over time as they encountered more patient cases.
Future research should aim to investigate these evolving dynamics
between radiologists and Al. Second, the Al assistance available to
radiologists contained only predicted probabilities and did notinclude
additional explanations, such as localization of pathologies, which
could help radiologists more accurately interpret and, therefore, make
better use of the available Al predictions. Designers of Al systems
shouldinvestigate the optimal types of explanations to presentand the
mode of presentation while staying cautious of the increased cognitive
burden thatthis additionalinformation can bring. Another limitation
is the lack of exploration into the impact of task granularity. The Al
model generated predictions for 15 individual pathologies, some of
whichwere interconnected and represented different levels of detail.
For instance, airspace opacity encompasses pathologies such as ate-
lectasis, edema and consolidation. Understanding the relationships
between higher-level and lower-level pathologies would be valuable
infuture studies. Furthermore, due to the simultaneous presentation
of all 15 Al predictions, it was challenging to isolate the effect of Al
assistance onindividual pathologies. The influence of Al predictions on
one pathology could potentially affect the radiologists’ response to Al
predictions onother pathologies, especially when they areinterrelated.
Additionally, because we provided actual Al predictions on patient
casestoradiologists, it was also difficult to eliminate the confounding
factor of the patient case when studying the relationship between the
accuracy of Al predictions and theradiologist’s treatment effect. Future
work may control for the influence of the patient case by providing
artificially set predictions to radiologists.

In conclusion, our study underscores the need for individualized
approaches that are aware of clinician heterogeneity, high-quality
Al models and comprehensive assessments of multiple factors to
optimize the implementation of Al assistance in clinical medicine.
Collaboration between clinicians and Al developers, focusing on per-
sonalized strategies and continuousimprovement of Almodels, willbe
essential for achieving the full potential of clinician-Al collaboration
in healthcare.
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Methods

Thisresearch complied with all relevant ethical regulations. The study
that produced the Al assistance dataset” used in this study was deter-
mined by the Massachusetts Institute of Technology (MIT) Committee
onthe Use of Humans as Experimental Subjects to be exempt through
exemptdetermination E-2953.

Dataset specification

This study used 324 retrospective patient cases from Stanford Univer-
sity’s healthcare system containing chest X-rays and clinical histories,
which include patients’ indication, vitals and labs. In this study, we
analyzed data collected fromatotal of 140 radiologists participatingin
two experiment designs. The non-repeated-measure designincluded
107 radiologists in a non-repeated-measure setup (Supplementary
Fig.1). Eachradiologist read 60 patient cases across four subsequences
thateach contained 15 cases. Each subsequence corresponded to one
of four treatment conditions: with Al assistance and clinical histories,
with Al assistance and without clinical history, without Al assistance
and with clinical histories and without Al assistance and clinical his-
tories. The four subsequences and associated treatment conditions
wereorganizedinarandom order. The 60 patient cases were randomly
selected and randomly assigned to one of the treatment conditions.
This design included across-subject and within-subject variations in
the treatment conditions; it did not allow within-case-subject com-
parisons because a case was encountered only once for a radiolo-
gist®®. Order effects were mitigated by the randomization of treatment
conditions. The repeated-measure design included 33 radiologists in
arepeated-measure setup (Supplementary Fig. 2). Each radiologist
read atotal of 60 patient cases, each under each of the four treatment
conditions and producing a total of 240 diagnoses. The radiologist
completed the experimentin four sessions, and theradiologistread the
same 60 randomly selected patient cases in each session under each of
the various treatment arms. Ineach session, 15 cases were read in each
treatment arm in batches of five cases. Treatments were randomly
ordered. This resulted in the radiologist reading each patient case
under a different treatment condition over the four sessions. There
was a 2-week washout period">***° between every session to minimize
order effects of radiologists reading the same case multiple times. This
design included across-subject and within-subject variations as well
as across-case-radiologist and within-case-radiologist variations in
treatment conditions. Order effects were mitigated by the randomiza-
tion of treatment conditions. No enrichment was applied to the data
collection process. We combined data from both experiment designs
from the clinical history conditions. Further details about the data
collection process are available in a separate study”, which focuses
onestablishing a Bayesian framework for defining optimal human-Al
collaboration and characterizing actual radiologist behaviorinincor-
porating Al assistance. The study was determined exempt by the MIT
Committee on the Use of Humans as Experimental Subjects through
exempt determination E-2953.

There are 15 pathologies with corresponding Al predictions:
abnormal, airspace opacity, atelectasis, bacterial/lobar pneumonia,
cardiomediastinal abnormality, cardiomegaly, consolidation, edema,
lesion, pleural effusion, pleural other, pneumothorax, rib fracture,
shoulder fracture and support device hardware. These pathologies,
the interrelations among these pathologies and additional patholo-
gies without Al predictions can be visualized in a hierarchical struc-
turein Supplementary Fig. B.1. Radiologists were asked to familiarize
themselves with the hierarchy before starting, had access to the figure
throughout the experiment and had to provide predictions for patholo-
gies following this hierarchy. This aimed to maximize clarity on the
specific pathologies referenced in the experiment. When radiologists
received Al assistance, they were simultaneously presented with the
Al predictions for these 15 pathologies along with the patient’s chest
X-ray and, if applicable, their clinical history. The Al predictions were

presented in the form of prediction probabilities on a 0-100 scale.
The Al predictions were generated by the CheXpert model®, whichisa
DenseNet121 (ref. 41)-based model for chest X-rays that has been shown
to performsimilarly to board-certified radiologists. The model gener-
ated asingle prediction for fracture that was used as the Al prediction
for both rib fracture and shoulder fracture. Authors of the CheXpert
model® decided on the 14 pathologies (with a single prediction for
fracture) based onthe prevalence of observationsinradiology reports
in the CheXpert dataset and clinical relevance, conforming to the
Fleischner Society’s recommended glossary** whenever applicable.
Among the pathologies, they included ‘Pneumonia’ (corresponding
to ‘bacterial/lobar pneumonia’) to indicate the diagnosis of primary
infectionand ‘No Finding’ (correspondingto ‘abnormal’) toindicate the
absence of all pathologies. These pathologies were set in the creation
of the CheXpertlabeler®, which has been applied to generate labels for
reports in the CheXpert dataset and MIMIC-CXR*?, which are among
the largest chest X-ray datasets publicly available.

The ground truth probabilities for a patient case were deter-
mined by averaging the continuous predicted probabilities of five
board-certified radiologists from Mount Sinai Hospital with at least
10 years of experience and chest radiology as a subspecialty on a
0-100 scale. For instance, if the predicted probabilities of the five
board-certified radiologists are 91,92, 92,100 and 100, respectively,
the ground truth probability is 95. The prevalence of the pathologies
based on a ground truth probability threshold of 50 of a pathology
being present is shown in Supplementary Table 1.

The participating radiologistsrepresent adiverse set of institutions
recruited through two means. Their primary affiliationsinclude large,
medium and small clinical settings and non-clinical settings. Addi-
tionally, some radiologists are affiliated with an academic hospital,
whereas others are not. Radiologists in the non-repeated-measure
design were recruited from teleradiology companies. Radiologists in
the repeated-measure design were recruited from the Vinmec health
system in Vietnam. Details about the participating radiologists and
recruitment process can be foundin Supplementary Note | Participant
recruitment and affiliation.

The experiment interface and instructions presented to partici-
pating radiologists can be found in Supplementary Note | Experiment
interface and instructions. Before entering the experiment, radiolo-
gistswereinstructed to walk through the experimentinstructions, the
hierarchy of pathological findings, basic information and performance
ofthe Almodel, video demonstration of the experiment interface and
examples, consent clauses, comprehension check questions, informa-
tion on bonus payment that incentivizes effort and practice patient
cases covering four treatment conditions and showing example Al
predictions from the Almodel used in the experiment.

Sex and gender statistics of the participating radiologists and
patient cases are available in Supplementary Tables 39 and 40, respec-
tively. Sexand gender were not considered in the original data collec-
tion procedures. Disaggregated information about sex and gender
at the individual level was collected in the separate study and will be
made available”.

Empirical Bayes for individual heterogeneity
We used the empirical Bayes method*® to shrink the raw mean het-
erogeneous treatment effects and performance metrics of individual
radiologists measured on the dataset toward the grand mean to ame-
liorate overestimating heterogeneity due to sampling error. The values
include Al's treatment effects on error, sensitivity and specificity and
performance metrics on unassisted error, sensitivity and specificity.
Assume that ¢, is radiologist r's true mean treatment effect from
Al assistance or any metric of interest. We observe

fr =t +n (o))
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which differs from ¢, by n,. We use a normal distribution as the prior
distribution over the metric of interest. The mean of the prior distribu-
tion can be computed as

E[£] = El]. @

the mean of the observed mean metric of interest of radiologists. The
variance of the prior distribution can be computed as

EKQ—EmD1=Ekﬁ—EMD1—EMﬂ, ®)

the variance of the observed mean metric of interest of radiologists
minus the estimated £ [?]. We can estimate E [n?] with

2
El2] = [( Zt,,—E[t,,]) ] [Z“;Vﬂ] = E[se@)]. @

Denote the estimated mean and variance of the prior distribution
as 1o and o2. We can compute the mean of the posterior distribution
forradiologist r as

OZlo + O3 H,

03 + 07

(&)
where i, =, and o, = s.e.(f,); we can compute the variance of the pos-
terior as

2 52
0507

(6)

2, 52
oy +0;7

where o, = s.e.(f,). The updated mean of the posterior distribution is
the radiologist’s metric of interest after shrinkage.

For the analysis on treatment effects on absolute error, we focus
on high-prevalence pathologies with prevalence greater than 10%,
because radiologists’ baseline performance without Al assistance
is generally highly accurate on low-prevalence pathologies, where
they correctly predict that a pathology is not present, and, asaresult,
thereislittle variation in radiologists’ errors. This is especially true
when computing each individual radiologist’s treatment effect.
Whenthereiszero variancein the performance of aradiologist under
a treatment condition, the associated standard error estimate is
zero, making itimpossible to performinference on this radiologist’s
treatment effect.

Combined characteristics model for splitting radiologists

into subgroups

The combined characteristics model was fitted on a training set of half
of the radiologists (n = 68) to predict treatment effects of the test set
ofthe remaininghalf (n = 68). The treatment effect predictions on the
test set were used as the combined characteristics score for splitting
the test set radiologists into binary subgroups (based on whether a
particular radiologist’s combined characteristics score was smaller
than or equal to the median treatment effect of radiologists computed
fromall available reads). Then, the same procedure was repeated after
flipping the training set and test set radiologists to split the other set
of radiologists into binary subgroups. The experience-based charac-
teristics of radiologists in the randomly split training set and test set
were balanced: one set contained 27 radiologists withless than or equal
to 6 years of experience and 41 radiologists with more than 6 years of
experience, and the other set contained 41 and 27, respectively. One
set contained 47 radiologists who did not specialize in thoracic radiol-
ogy and 21 radiologists who did, and the other set contained 54 and 14
radiologists, respectively. One set contained 32 radiologists without

experience with Al tools and 36 radiologists with experience, and the
other set contained 31and 37, respectively.

Treatment effect models

To compute a radiologist’s observed mean treatment effect and the
corresponding standard errors and the overall treatment effect of
Al assistance across subgroups, we built a linear regression model
with the following formulation using the statsmodels library:
error ~ 1+ C(treatment). Here, error refers to the absolute error of a
radiologist prediction; 1 refers to an intercept term; and treatment
refers to a binary indicator of whether the prediction is made with
or without Al assistance. This formulation allows us to compute the
treatment effect of Al assistance for both non-repeated-measure and
repeated-measure data.

Subgroup-specific treatment effect models

For the analyses on experience-based radiologist characteristics and
Al error, we computed the treatment effects of subgroups split based
onthe predictor of interest by building alinear regression model with
the following formulation using the statsmodels library: error ~ 1+ C(s
ubgroup) + C(treatment):C(subgroup).Here, error refers to the absolute
error ofaradiologist prediction;1refersto aninterceptterm; subgroup
referstoanindicator of the subgroup that the radiologist is splitinto;
and treatment refers to a binary indicator of whether the prediction
is made with or without Al assistance. This formulation allows us to
compute the subgroup-specific treatment effect of Al assistance for
both non-repeated-measure data and repeated-measure data.

Cluster-robust standard errors

To account for correlations of observations within patient cases and
radiologists, we computed cluster-robust standard errors that are
two-way clustered at the patient case and radiologist level for all infer-
ences unless otherwise specified***. With the statsmodels library’s
ordinary least squares (OLS) class, we used a clustered covariance esti-
mator as the type of robust sandwich estimator and defined two-way
groups based onidentifiers of the patient cases and radiologists. The
approach assumesthat regression model errors areindependent across
clusters defined by the patient cases and radiologists and adjusts for
correlations within clusters.

Reversion to the mean

The reversion to the mean effect and the mechanism of split sam-
pling inavoiding reversion to the mean are explained in the following
derivation:

Supposethatu?, and a}, are the true unassisted and assisted diag-
nosticerror ofradlologlst r on patient casei.Suppose that we measure
w,=u; +e! and a;, =a;, + e, where e, and €], are measurement
errors. Assume that the measurement errors are mdependent ofu
anda;,

To studythe relationship between unassisted error and treatment
effect, we intend to build the following linear regression model:

uy —a; =pu; +ef 7)
wheretheerrorisindependent of theindependent variable, and u}and

a; are the mean unassisted and assisted performance of radiologist r.
Here, the moment condition

E[ezr X uzr] =0 8)
isas desired. This univariate regression estimates the true value of 3,
whichis defined as

Cov(u; —ay, uy)

Var(uy) ©)
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However, because we have access only to noisy measurements u,
and a,, consider instead an approach that builds the model

u,—a,=pu +e (10)
and assumes the moment condition
Ele,xu]=0 1)

Thislinear regression model using noisy measurements instead gener-
ates the following estimate of 3:

Cov (u} — ai,u¥) + Var(e)
Var (u;) + Var (e})

Cov (!l, —4a ur) _

Var (u,) (12)

which is incorrect because of the additional Var(e¥) terms in the
numerator and the denominator. The additional terminthe denomina-
tor represents attenuation bias, which we address in detail in a later
subsection. The termin the numerator represents the reversionto the
meanissue, whichwe now discuss in further detail.

As the equation shows, the bias caused by reversion to the
mean is positive. This term exists because the moment condition
Ele, x u,] = 0,equation (11), is not valid at the true value of g as shown
inthe following derivation:

E[(u, —a, — Bu,) x u,| = E[(1-B)u, — a,) x u,]
= E[((1-B) (] + ) -
= E[((-Bu; —ap) + (1~ B et — ) 1]
—E[(e; + (1-B)et —ef) xu,]
= (1-p)E[ef xu,]
=(1-p)Var(e!) #0.

(a7 +ef)) > u]

Splitsampling solves this bias by using separate patient cases for
computing unassisted error and treatment effect. A simple construc-
tion of split sampling is to use a separate case i for computing the
treatment effect and using the remaining cases to compute unassisted
error. With this construction, we obtain the following estimate of :

Cov (Ui — @iy, Uyyy)

1
Var(uy,) =

where u; . is the unassisted performance on case i for radiologist r, and
u;, is the mean unassisted performance computed on all unassisted
cases other thani.Ifthe errors on each case used to compute u; and a;
areindependent, the estimate of Bisequal to

Cov(u; — a;,u;
( r r f) (14)
Var(uy,)
The remaining discrepancy in the denominator again represents
attenuation bias and is addressed in alater subsection.

Data efficient split sampling construction

To study unassisted error as a predictor of treatment effect, we built
alinear regression model with the following formulation using the
statsmodelslibrary: treatment effect ~ 1+ unassisted error. We designed
the following split sampling construction to maximize data efficiency
when computing the independent and dependent variables in the
linear regression.

Letiindex a patient case and r index a radiologist. Assume that a
radiologist reads N, cases unassisted and N, cases assisted. Recall that
the unassisted and assisted cases are disjoint for the non-repeated-
measure data; they overlap exactly for the repeated-measure data.

For the non-repeated-measure design, we adopt the following
construction:

Ujr—a,= ﬂx#i,r + &y, t&, 1s)

where Xzir = 3 12k¢,ukrand a, = —Zkakr Here, x4, isthe mean unas-
sisted performance computedon all unassisted cases other thani; u;,
is the unassisted performance on case i for radiologist r; and a, is the
mean assisted performance on all assisted cases for radiologist r.

For the repeated-measure design, we adopt the following
construction:

Uiy — Gy = BXyir + €y, + €, (16)

where Xzir = ﬁzk#um Here, Xiristhe mean unassisted performance
computed on all cases other than i; u;, is the unassisted performance
on case i for radiologist r; and g;, is the assisted performance on case
iforradiologist r.

To study unassisted error as a predictor of assisted error, we built
alinear regression model with the following formulation using the
statsmodelslibrary: assisted error ~ 1+ unassisted error. We designed
the following split sampling construction that maximizes data effi-
ciency when computing the independent and dependent variables in
thelinear regression.

For the non-repeated-measure design, we adopt the following
construction:

a;r = Bx; + € (17)

where X, = —kak, Here, x, is the mean unassisted performance
computedon 1allunassisted cases, and a;,istheassisted performance
on case i forradiologist r.

For the repeated-measure design, we adopt the following
construction:

a, = ﬁx;éi,r +Eir (18)

where Xy, = N IZ,(#,ukr Here, x_; .isthemeanunassisted performance
computed on all unassisted cases other than i and a;, is the assisted
performance on case i for radiologist r.

The constructions above again emphasize the necessity for split
sampling. Without split sampling, the mean unassisted performance,
whichistheindependent variable of the linear regression, will be cor-
related with the error terms due to overlapping patient cases, leading
toabiasintheregression.

Adjustment for attenuation bias
We adjusted for attenuation bias for the split sampling linear regres-
sion formulations.

We want to estimate regressions of the form

Ve =Bo +BiEIX] +& (19)

where Y, is an outcome for radiologist r and E[x,] is radiologist r’s
average unassisted performance. We observe

- 1
Xr = /V inr = E[xr] +nr (20)
r
where Zx,, " and E[nx:)=0 and F[n,e,] = 0, which are

justified by mdependent and identically distributed (i.i.d.) sampling
of cases and split sampling, respectively.
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Using observations from the experiment, we estimate the follow-
ing regression:

Y =Yo + VX, + & (21

Recall that

p ELOG -+, ~EX DY, ~ELY, D]
E[ e+~ )’

A~ E D= E1DL _ g
Eoo—Eo ) [+£2] O

Y1
(22)

Ao _ Hef] B, = HC—Ex D011, D)
where Floo—r ) [+ee2] and 1 T T o —mx)?] - We can estimate A

using a plug-in estimator for each termin the data: (1)

E[n?] = E[(Ni i - E[x,-,])z]

(23)
~£| B Aulf | = E[ser].
This is the standard error of the mean estimator. (2)
E[ox = x| = E[ (% — E1%D*| - E[2]. @4

which canbe estimated by taking the difference between the variance
of the observed x,’s and the estimated £[r?]. The denominator of A is
effectively £ [()?, -E [)?,])2].

Finally, with A, we can estimate B; using the estimator

By = A (25)
For inference, notice that v/n(y; - y;) »“N(0,02) and A~? . By
Slutsky’s theorem, we know that

3 (26)

o _ 02
N\ V)_uw(o —">.
A
Therefore, we divide the standard errors of §; by A to obtain the
standard errors of j3;.
This concludes the adjustment for attenuation bias for the slope
term.

Statistical testing

To determine the amount of heterogeneity between subgroups of
radiologists receiving lower versus higher treatment effects, we ran
an unpaired t-test between the two subgroups of treatment effects
computed using the empirical Bayes method. We used the Wald test to
test regression coefficients against the null hypothesis of joint equality
among treatment effects of different subgroupsto determineifthereis
astatistically significant difference among subgroups split based onthe
predictor of interest. We also used the Wald test to test regression coef-
ficients against the null hypothesis of zero to determineinacontinuous
analysisiftheindependent variable, namely unassisted error, isa predic-
tor ofthedependent variable, namely treatment effect or assisted error.
We used the Benjamini-Hochberg procedure to correct for multiple
hypothesis testing over 15 individual pathologies. For the analysis on
treatment effect on AUROC between subgroups determined by Al error
(Supplementary Table 34), we conducted an F-test to determine whether
thereisastatistically significant difference between treatment effectson
AUROC indifferent bins. Specifically, we used the number of reads that
fallinto each binasthe group size. We used the grand mean AUROC and
group AUROC:s along with group sizes to compute the sum of squares
between; we used the estimated standard error of each group AUROC
along with the group size to compute the sum of squares within (error).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The 324 patient cases from Stanford University’s healthcare system
were used under licensing. They are available at https://stanfordaimi.
azurewebsites.net/datasets/5194008e-61cf-4083-9896-3d4bd8b-
f8b0b, conditioned on a Stanford University dataresearch use agree-
ment. The Al predictions used in the experiment were generated by the
CheXpert model trained on the CheXpert dataset®, which is publicly
available. The clinician-Al collaboration dataset is available at https://
osf.io/z7apq/ uponrequest for access at the Open Science Framework
dataset page.

Code availability

Code for the analysis is available at https://doi.org/10.5281/zenodo.
10467492 (ref. 46). Data analysis was conducted using Python 3.9.7,
libraries statsmodels 0.13.5 and scipy 1.10.1; and R 4.1.3 and libraries
MRMCaov 0.3.0 and auctestr1.0.0.
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Extended Data Fig. 4 | Conventional radiologist characteristics as
indicators for treatment effect onindividual pathologies. a, Difference in
treatment effects of subgroups of radiologists on high-prevalence pathology
labels (pathology labels with greater than 10% prevalence). The difference is
computed between lower and higher improvement subgroups. The error bars
show 95% confidence intervals. There are statistically significant differences
between subgroups on high-prevalence pathology labels (abnormal B-H
adjusted P =1.66e-29, airspace opacity B-H adjusted P = 7.20e-29, atelectasis B-H
adjusted P =1.10e-30, cardiomediastinal abnormality B-H adjusted P = 4.85e-30,
support device hardware B-H adjusted P =1.57e-30; B-H adjusted P < 0.001).
Atwo-sided, unpaired t-test between the two subgroups of treatment effects
was conducted. The difference is -4.194 (95% Cl: -4.753 to -3.636) for abnormal,
-1.465 (95% Cl: -1.664 to -1.266) for airspace opacity, -1.766 (95% Cl: -1.991 to
-1.541) for atelectasis, -1.571 (95% Cl: -1.777 to -1.365) for cardiomediastinal
abnormality, and -3.150 (95% Cl: -3.552 to -2.748) for support device hardware.
136 radiologists with available survey data are used. b, Difference in treatment
effects of subgroups of radiologists based on combined characteristics of years

of experience, subspecialty in thoracic radiology and experience with Al tools on
held-out test sets of radiologists. The difference is computed between lower and
higher predicted improvement subgroups. The error bars show 95% confidence
intervals. n.s. indicates no statistical significance (B-H adjusted P > 0.05). The
Wald test was used to test regression coefficients that estimate treatment effects
against the null hypothesis of joint equality among treatment effects of different
subgroups. Details of the statistical models are available in Methods. There are
136 radiologists with available survey data on the three characteristics.

c-e, Difference in treatment effects of subgroups of radiologists based on (c)
years of experience, (d) subspecialty in thoracic radiology, and (e) experience
with Altools on15individual pathologies. The difference is computed between
(c) subgroups of fewer versus more years of experience, (d) subgroups without
versus with subspecialty in thoracic radiology, and (e) subgroups without versus
with experience using Al tools. The error bars show 95% confidence intervals. n.s.
indicates no statistical significance (B-H adjusted P > 0.05). The same statistical
testasinbwasused. There are 136 radiologists with available survey data.
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Extended DataFig. 5| Conventional radiologist characteristics as indicators
for treatment effect on AUROC onindividual pathologies. a, Differencein
treatment effects on AUROC of subgroups of radiologists based on combined
characteristics of years of experience, subspecialty in thoracic radiology and
experience with Al tools on held-out test sets of radiologists. The difference
iscomputed between lower and higher predicted improvement subgroups.
The error bars show 95% confidence intervals. n.s. indicates no statistical
significance (B-H adjusted P > 0.05). The difference is 0.034 (95% CI: -0.017 to
0.842) for abnormal and -0.023 (95% Cl: -0.082 to 0.035) for airspace opacity.
The Wald test was used to test regression coefficients that estimate treatment
effects against the null hypothesis of joint equality among treatment effects

of different subgroups. Details of the statistical models are available in
Methods. 136 radiologists with available survey data are used. b-d, Difference in
treatment effects of subgroups of radiologists based on (b) years of experience,
(c) subspecialty in thoracic radiology, and (d) experience with Al tools on 2
individual pathologies on which the AUROC analysis could be computed.

The difference is computed between (b) subgroups of fewer versus more years
of experience, (c) subgroups without versus with subspecialty in thoracic
radiology, and (d) subgroups without versus with experience using Al tools.
The error bars show 95% confidence intervals. n.s. indicates no statistical
significance (B-H adjusted P > 0.05). The same statistical test as in a was used.
There are 136 radiologists with available survey data.
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For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
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A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly
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Data collection  The experimental interface and system used for data collection are detailed in a separate work: Nikhil Agarwal, Alex Moehring, Pranav
Rajpurkar, and Tobias Salz. Combining Human Expertise with Artificial Intelligence: Experimental Evidence from Radiology. (2023). This work
does not involve data collection.

Data analysis Data analysis was conducted using Python 3.9.7 and libraries statsmodels 0.13.5 and scipy 1.10.1; and R 4.1.3 and libraries MRMCaov 0.3.0
and auctestr 1.0.0. Code for the analysis is available at https://https://doi.org/10.5281/zenodo.10467492.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
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The 324 patient cases from Stanford University’s health care system were used under licensing. They are available at https://stanfordaimi.azurewebsites.net/




datasets/5194008e-61cf-4083-9896-3d4bd8bf8b0b conditioned on the Stanford University Data Research Use Agreement.
The Al predictions used in the experiment were generated by the CheXpert model trained on the CheXpert dataset, which is publicly available.
The clinician-Al collaboration dataset is available at https://osf.io/z7apqg/ upon request for access at the OSF dataset page.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender The study analyzes data collected from a total of 140 radiologists. Details about the data can be found in the following work:
Nikhil Agarwal, Alex Moehring, Pranav Rajpurkar, and Tobias Salz. Combining Human Expertise with Artificial Intelligence:
Experimental Evidence from Radiology. (2023).
Information about sex and gender of the participating radiologists was collected through the survey question "How do you
identify?" with four possible answer options: female (42), male (83), other (1), and "prefer not to answer" (10). These
statistics are self-reported. Sex and gender were not considered in the original data collection procedures. No sex- and
gender-based analyses have been performed because they require further division of the existing dataset, which decreases
statistical power and therefore decreases the strength of analyses that build upon a lack of statistical insignificance.

Reporting on race, ethnicity, or  The study analyzes data collected from a total of 140 radiologists. Details about the data can be found in the following work:

other socially relevant Nikhil Agarwal, Alex Moehring, Pranav Rajpurkar, and Tobias Salz. Combining Human Expertise with Artificial Intelligence:
groupings Experimental Evidence from Radiology. (2023).
Population characteristics The study analyzes data collected from a total of 140 radiologists. Details about the data can be found in the following work:

Nikhil Agarwal, Alex Moehring, Pranav Rajpurkar, and Tobias Salz. Combining Human Expertise with Artificial Intelligence:
Experimental Evidence from Radiology. (2023). There are 136 radiologists with available survey data on covariates: age, years
of experience, specialty, and prior experience with Al tools in radiology. The age population characteristics are: The mean age
is 37.9 with a standard deviation of 9.8; the age range is [26, 76]. The years of experience population characteristics are: The
mean years of experience is 9.6 with a standard deviation of 9.0; the years of experience range is [1, 45]. The specialty
population characteristics are: There are 101 out of 136 radiologists who did not specialize in thoracic radiology; there are 35
out of 136 radiologists who specialized in thoracic radiology. The prior experience with Al tools in radiology population
characteristics are: There are 63 out of 136 radiologists without prior experience; there are 73 out of 136 radiologists with
prior experience.

Recruitment The study analyzes data collected from a total of 140 radiologists. Details about the data can be found in the following work:
Nikhil Agarwal, Alex Moehring, Pranav Rajpurkar, and Tobias Salz. Combining Human Expertise with Artificial Intelligence:
Experimental Evidence from Radiology. (2023).

Ethics oversight The experiment was determined exempt by the MIT Committee on the Use of Humans as Experimental Subjects through
exempt determination E-2953. Details about the data can be found in the following work: Nikhil Agarwal, Alex Moehring,
Pranav Rajpurkar, and Tobias Salz. Combining Human Expertise with Artificial Intelligence: Experimental Evidence from
Radiology. (2023).
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Life sciences study design
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Sample size The study analyzes data collected from a total of 140 radiologists participating in two experiment designs. The non-repeated-measure design
included 107 radiologists in an non-repeated-measure design. Each radiologist read 60 patient cases across four subsequences that each
contained 15 cases. Each subsequence corresponded to one of four treatment conditions: with Al assistance and clinical histories, with Al
assistance and without clinical history, without Al assistance and with clinical histories, and with Al assistance and clinical histories. The four
subsequences were organized in a random order and the patient cases were randomly assigned. The repeated-measure design included 33
radiologists in a repeated-measure design. Each radiologist read a total of 60 patient cases, each under each of the four treatment conditions
and producing a total of 240 diagnoses. The radiologist completed the experiment in four sessions. In each session, the radiologist read 60
unique patient cases in a sequence of four subsequences that each contained 15 cases, with each subsequence corresponding to one of four
treatment conditions. The radiologist read each patient case under a different treatment condition over the four sessions.

Power calculations were conducted for the data described above and further detailed in the following work: Nikhil Agarwal, Alex Moehring,
Pranav Rajpurkar, and Tobias Salz. Combining Human Expertise with Artificial Intelligence: Experimental Evidence from Radiology. (2023). The
power calculations were based on a small pilot study that acquired 10 reads in each treatment arm from five radiologists. They simulated
draws from the pilot sample for airspace opacity to determine the sample size required to achieve 80% power at 1% significance. Airspace
opacity was chosen because it had a reasonable treatment effect of 1.5 percentage points improvement in accuracy in the Al condition during
the pilot. They sampled radiologist-patient cases with replacement from the pilot for a grid of potential sample sizes (per treatment arm).
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They allocated the N cases to 10 fictitious radiologists. They then estimated the empirical model, regressing the prediction error on radiologist
fixed effects and a treatment indicator. Power for a given N is the share of simulations in which they rejected the null of no treatment effect.
For each N, they ran 200 simulations. Based on these computations they found that at least 4000 reads in total were needed. The experiment
yielded more reads than this baseline.

Data exclusions  In the analysis on experience-based characteristics, 136 out of 140 radiologists provided survey data on experience-based characteristics. The
4 radiologists who did not provide these data were excluded from the analysis. All available data were used in other analyses in the study.

Replication All randomization involved in the analyses in the study, such as through random sample selection during split sampling, had controlled seeds
to ensure reproducibility. All attempts at executing the code led to the same outputs. During development and verification of the results

introduced in this work, the same analyses were run at least 5 times and all yielded the same results with the same seeds.

Randomization  Allocation into with-Al and without-Al treatment groups was random. Radiologists were randomly assigned a subset of patient cases to read,
and the treatment conditions under which the cases were shown were also selected at random.

Blinding The investigators were blinded to the with-Al and without-Al treatment group allocation during data collection/analysis.
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