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Human oversight of erroneous clinical AI
and decision support a systematic review
and meta analysis

Check for updates

Di Zeng1, Jianyong Lei1 & Zhihui Li1

Artificial intelligence (AI) increasingly supports clinical decisions, but human oversight is protective
only if clinicians recognize and resist erroneous output. We systematically reviewed controlled and
real-world studies of clinician responses to incorrect automated advice. Forty-six reports represented
41 independent cohort clusters, including 40 core cohorts. Across three adjusted cohorts, clinician
correctness was substantially higher with correct than incorrect automated advice (pooled OR 10.19,
95%CI 7.43–13.98; I² = 0%); a ≥ 2020 sensitivity analysis was similar but imprecise (OR 9.22, 95%CI
2.06–41.13). In four heterogeneous real-world computerized ECG studies, 26.6% of erroneous
interpretations were not corrected or recognized (95% CI 6.4–65.6%; I² = 95.8%). Contemporary AI
and large language model studies also documented harmful reliance but were too heterogeneous for
pooling. Patient-level adverse events were reported in one retrospective cohort. Human oversight
should be evaluated as an error-interception capability rather than assumed to ensure safety.

Artificial intelligence is increasingly evaluated and deployed as a clinical
collaborator rather than a standalone diagnostic competitor. The intended
advantage is complementary performance: algorithms can process complex
data streams consistently, while clinicians contribute context, examination
findings, patient preferences, and accountability1,2. Yet comparisons
between an algorithm and clinicians in isolation do not establish whether
the combined human–AI systemwill be safe in practice. Earlier evaluations
of medical AI were often retrospective, used small clinician comparator
groups, and made claims that exceeded the strength of the study design3.

Recent reviews have broadened the evidence base for human–AI col-
laboration. Ameta-analysis of clinician–large languagemodel collaboration
found heterogeneous and context-dependent effects, while two large scop-
ing reviews showed that empirical studies remain concentrated in short-
term diagnostic interpretation and rarely measure patient or system
outcomes4–6. These reviews answer whether assistance improves perfor-
mance on average. Clinical safety, however, depends on amore conditional
question: what happens when the automated recommendation is wrong?

Automation bias describes inappropriate reliance on automated cues.
It can produce commission errors when a user follows an incorrect
recommendation and omission errors when a false-negative or absent alert
suppresses an action that should have occurred7. Verification complexity is
central because human oversight is meaningful only when the reviewer can
independently check the basis of the recommendation within the available
time, information, and expertise8. A clinician may formally retain final

authority yet still function as a weak safety barrier when the automated
output is plausible, fluent, difficult to verify, or embedded in a high-
throughput workflow9.

Governance frameworks emphasize human autonomy, transparency,
independent review, monitoring, and lifecycle risk management10–13.
Reporting standards for clinical AI similarly call for explicit description of
human–computer interaction, failure modes, workflow, and post-
deployment monitoring14–16. Nevertheless, the empirical evidence on whe-
ther clinicians detect, reject, or propagate incorrect automated advice has
not been synthesized around a unified clinical safety model that connects
controlled behavioral effects, real-world non-correction, direction-specific
decision transitions, and downstream patient consequences.

We therefore conducted a systematic review and meta-analysis of
erroneous AI and decision-support output in clinician decision-making.
The primary comparative outcome was clinician correctness under correct
versus incorrect automated advice. A co-primary implementation outcome
was failure to correct or recognize erroneous output in real-world care. We
separately evaluated correct-to-wrong switching, wrong-to-correct switch-
ing, erroneous-advice adoption, specialty and workflow moderators, miti-
gation strategies, and documented clinical consequences. Our objective was
not to estimate a universal automation-bias rate, but to determine when
human oversight succeeds, when it fails, and how those failures should be
measured in future clinical AI evaluation.
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Results
Study selection and evidence architecture
The original review identified 160 records, of which 10 were removed as
duplicates and 150 underwent title/abstract screening. Seventy-one were
excluded at this stage, leaving 79 reports sought for retrieval. Sixteen could
not be retrieved, and 63 full-text reports were assessed for eligibility; 25were
excluded and 38 were included. During revision, 11 additional reviewer-
suggested or citation-linked reports were assessed, threewere excluded, and
eightwere included. These eight reports represented sevennew core cohorts
because the Nagendran and Festor reports described linked analyses of the
same high-fidelity ICU simulation cohort. The revised evidence base
therefore comprised 46 eligible reports mapped to 41 independent cohort
clusters, including 40 core cohorts and one adjacent mitigation cohort.
Figure 1 summarizes the revised evidence architecture, Supplementary
Fig. 2 presents the PRISMA 2020 flow, and Table 1 lists the 40 core cohorts.
Report-to-cohort linkage and overlap decisions are detailed in Supple-
mentary Table 1.

The technologies ranged from rules-based decision support and
computerizedECG interpretation to convolutional neural networks, image-
classification systems, selective prediction, AI-generated draft reports, and
conversational or multimodal large language models. Among the 40 core
cohorts, 10 involved ECG interpretation and 26 were published from 2020
onward; 35 cohorts were controlled or experimental and five were real-
worldobservational. Earlier studiesweredisproportionately concentrated in
computerized ECG interpretation and conventional clinical decision sup-
port, whereas the contemporary evidence increasingly included image-
based AI, selective prediction and abstention, AI-generated draft reports,
and conversational or multimodal large language models. Importantly, the
real-world implementation evidence contributing to the pooled non-
correction estimate was confined to deployed computerized ECG inter-
pretation, whereas contemporary AI and LLM studies were predominantly
conducted in controlled or simulated settings.

The evidence base contained three distinct forms of error provenance:
deliberately manipulated erroneous advice, naturally occurring model
errors evaluated under controlled conditions, andnaturally occurring errors
observed in deployed systems. Provenance was retained as a study-level

characteristic throughout the synthesis. Formal subgroup pooling by pro-
venancewas not performedbecause the available comparable studieswithin
individual strata were too few to yield meaningful pooled estimates. The
real-world non-correction synthesiswasmore homogeneous in this respect:
all four contributing studies evaluated naturally occurring errors in
deployed computerized ECG systems.

Primary meta-analysis: correct versus incorrect
automated advice
Correct automated advice was associated with higher odds of a correct
clinician decision in all three cohorts, with a pooled OR of 10.19 (95% CI
7.43–13.98; I² = 0%; Fig. 2)17–21. The corresponding absolute risk reductions
were 40.1 percentage points for radiologists and 37.5 percentage points for
internal/emergency medicine physicians in Gaube et al., 36.5 percentage
points in Kücking et al., and 43.2 and 59.0 percentage points for cardiology
and non-cardiology physicians, respectively, in the Novotny/Bond cohort.
Because baseline risks and study structures differed across cohorts, these
study-specific ARRs were not pooled.

The three primary cohorts differed in their handling of repeated
observations. Gaube et al. accounted for repeated clinician-level observa-
tions using multilevel modeling, while Kücking et al. used a generalized
linear mixed-effects model with a participant random intercept. The pub-
lished Novotny/Bond logistic model did not clearly document adjustment
for repeated physician and case observations, raising the possibility that its
reported confidence interval was narrower than would be expected under
full clustering adjustment. We therefore retained the published point esti-
mate but interpreted its precision cautiously. The three cohorts were
combined because each estimated the same within-study contrast in clin-
ician correctness under correct versus incorrect automated advice; the
pooled estimate summarizes the association across eligible contexts and
should not be interpreted as demonstrating equivalence between experi-
mentally manipulated and naturally occurring errors. Excluding the
Novotny/Bond cohort and restricting the synthesis to the two studies
published from 2020 onward yielded a similar pooled effect (OR 9.22, 95%
CI 2.06–41.13; k = 2), although substantially less precise. Study-level repe-
ated-measures structures, clustering approaches, adjusted estimates, and

Fig. 1 | Evidence architecture and conditional safety pathway of clinical auto-
mation. The figure summarizes the revised evidence base (46 eligible reports, 41
independent cohort clusters, 40 core cohorts and one adjacent mitigation cohort),

the distribution of core cohorts by study design, publication era, and ECG focus, the
conditional pathway from automated output through clinician verification to
decision transition, and the evidence contributing to the principal analyses.
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ARRs are reported in Supplementary Table 2. Table 2 summarizes the
primary quantitative syntheses and direction-specific safety outcomes.

Across the four real-world non-correction studies, publication year
was not associatedwith a statistically reliable linear change in the probability
that erroneous automated output remained uncorrected (β = 0.075 log-
odds/year, 95% CI −0.066 to 0.216; p = 0.30). Given the small number of
studies (k = 4), extreme between-study heterogeneity, and differences in
workflow and outcome definition, this meta-regression should be inter-
preted as exploratory rather than as evidence that error interception has
remained unchanged over time. Full sensitivity analyses and the exploratory
temporal meta-regression are reported in Supplementary Table 3B.

Historical and repeated-reader evidence of thewrong-AI penalty
The historical ECG studies showed that the conditional effect of automated
advice was recognized long before contemporary machine learning.
Primary-care physicians exposed to computerized reports became more
likely to produce diagnoses consistent with those reports even when the
reports were erroneous22. Emergency physicians benefited markedly from
correct computer diagnoses, whereas incorrect diagnoses did not improve
performance23. In a two-period crossover experiment, internal-medicine
residents agreed with incorrect computerized findings 67.7% of the time
when those findings were shown versus 34.6% when they were absent;
overall accuracy decreased from 56.7% to 48.3% in the incorrect-advice
subset24. Among emergency senior house officers, access to computer-
generated reports did not significantly reduce major interpretation errors
despite the computer itself having a low major-error rate25.

Contemporary reader experiments reproduced the same pattern with
more complex AI. Bernstein et al. studied five radiologists who interpreted
90 chest radiographs across four sessions. On false-negative AI cases, the
false-negative rate increased from 2.7% without AI to 33.0% when the AI
result was retained without localization, 26.7% when the AI record was

deleted, and 20.7% when a localization box was supplied. On false-positive
cases, the false-positive rate increased from51.4%withoutAI to 80.5–86.0%
across assisted conditions26. Mammography, pathology, glaucoma, and
general diagnostic reasoning studies likewise showed that systematically
wrong suggestions could redirect clinician judgments, often despite expla-
nations or professional experience27–31. Prescribing and alerting studies
provided complementary mechanism-specific evidence: Goddard et al.
documented 27 correct-to-wrong switches among 520 decisions; a cluster-
randomized renal-risk alert trial found no significant adoption of false-
positive alerts; and incorrect e-prescribing decision support increased
omission and commission errors compared with no decision support32–34.

Contemporary LLM experiments in radiology and challenging clinical
reasoning likewise showed that incorrect model output or explanations
could adversely influence clinician decisions35,36.

The revised contemporary evidence base also included the linked
Nagendran/Festor high-fidelity ICU simulation cohort, randomized LLM
studies by Qazi et al., selective-prediction work by Jabbour et al., AI-
generated reporting experiments by Acosta et al., clinician–AI interaction
studies by Xu et al., and simulated primary-care messaging work by Biro
et al.37–44. Collectively, these studies broadened the evidence beyond legacy
computerized decision-support systems and showed that erroneous
recommendations can influence clinician reasoning across newer AI
architectures and clinical tasks. The Qazi studies directly examined flawed
LLM recommendations and mitigation through behavioral nudges, while
the Nagendran/Festor simulation showed that clinicians could reject or
escalate unsafe recommendations in ahigh-fidelity intensive-careworkflow.

Real-world failure to correct erroneous output
Four retrospective ECG studies reported extractable denominators for
failure to intercept erroneous computerized interpretations, but their
operational definitions were not identical. Anh et al. counted erroneous AF

Fig. 2 | Clinician correctness under correct versus incorrect automated advice,
with absolute effects. Forest plot of adjusted odds ratios with study-specific absolute
risk reductions (ARRs). The pooled estimate used a random-effects restricted

maximum-likelihood model with a modified Hartung–Knapp confidence interval;
the ≥2020 sensitivity analysis excludes the Novotny/Bond ECG cohort.
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calls not corrected by theprimary reader; Bae et al. used a broader correction
process that could include subsequent computer interpretation; Lindow
et al. counted accepted errors among records with documented physician
interpretation; and Escabí-Mendoza et al. classified explicitly unrecognized
errors while retaining ‘no mention’ as a separate category45–48. These defi-
nitions were mapped to the common implementation-level construct of
failure of error interception but were not treated as interchangeable.

Across the four real-world ECG studies, the pooled proportion of
erroneous automated interpretations that remained uncorrected or unrec-
ognized was 26.6% (95% CI 6.4–65.6%; I² = 95.8%; 95% prediction interval
0.3–98.0%; Fig. 3). The operational definitions differed across studies, and
the extreme heterogeneity indicates that this estimate should not be inter-
preted as a common underlying failure rate. The beta-binomial robustness
estimate was 29.3% (95% CI 14.9–46.5%). Excluding Bae et al., whose
correction definition could include serial computerized interpretation,
yielded apooled estimateof 36.3%(95%CI13.0–68.4%). Sensitivity analyses
varying the treatment of undocumented physician responses in Lindow
et al. and ‘no mention’ cases in Escabí-Mendoza et al. produced estimates
within the same broad range and did not resolve the heterogeneity. We
therefore interpret the pooled value as an exploratory summary demon-
strating that failure to intercept erroneous automated output occurs in
routine implementation, while its frequency is strongly context-dependent.
Supplementary Table 3A reports, for each real-world cohort, the original
study-specific definition, denominator, handling of missing or undocu-
mented responses, harmonized synthesis definition, and corresponding
sensitivity-analysis rule.

Specialty, expertise, and workflow
Error recognition varied substantially by clinical role. InAnh et al., only 5 of
77 erroneous atrial-fibrillation calls were uncorrected when a cardiologist
was the primary reader, comparedwith 38 of 131 for internists, 35 of 140 for
emergency physicians, and 14 of 34 for other specialists45. In Escabí-Men-
doza et al., the explicit non-recognition rate excluding records with no ECG
mention was 11.6% among cardiology attendings, compared with 75.9%
among emergency physicians, 44.0% among hospitalists or internal-
medicine attendings, 51.4% among residents, and 56.3% among other
providers48. Cardiologist consultation corrected all nine erroneous inter-
pretations for which consultation was documented in Lindow et al.47. These
comparisons were observational and may be confounded by case mix and
workflow, but they consistently suggest that domain-specific verification
capacity matters more than the mere presence of a human reviewer. Full
specialty-stratified data are provided in Supplementary Table 4. Figure 4
maps cohort-level coverage across wrong-advice exposure, direction-
specific transitions, real-world non-correction, clinical consequences, and
mitigation.

Bidirectional decision transitions
Dreiseitl and Binder provided the only complete direction-specific transi-
tion matrix49. When an initially wrong dermatologist decision conflicted
with the decision-support system, 36 of 140 decisions changed toward the
correct recommendation (25.7%). When an initially correct decision con-
flicted with the system, 50 of 217 changed toward the wrong recommen-
dation (23.0%). Across 357 disagreement opportunities, the system
therefore corrected36 errors but created50newerrors, yielding abenefit-to-
harm event ratio of 0.72 and a net loss of 14 correct decisions. In other
conditional analyses, physicians followed18of 84 entirelywrongOncoDoc2
recommendations (21.4%), clinicians changed to an incorrectAI-supported
MRI diagnosis in 132 of 556 eligible disagreements (23.7%), and primary-
care physicians accepted 36 of 77 erroneous ECG calls (46.8%)47,50,51. These
estimates were not pooled because the opportunity denominators and
decision structures were not equivalent. The complete direction-specific
transition and wrong-advice adoption data are provided in Supplementary
Table 5. Figure 5 integrates the bidirectional transition evidence, selected
wrong-advice adoption rates, and observed downstream management
actions and patient events. Figure 6 provides three conceptual scenariosT

ab
le

2
|P

ri
m
ar
y
q
ua

nt
it
at
iv
e
sy

nt
he

se
s
an

d
d
ir
ec

ti
o
n-
sp

ec
ifi
c
sa

fe
ty

o
ut
co

m
es

O
ut
co

m
e/
an

al
ys

is
C
o
nt
ri
b
ut
in
g
ev

id
en

ce
E
ff
ec

t
m
ea

su
re

K
ey

re
su

lt
H
et
er
o
g
en

ei
ty
/u
nc

er
ta
in
ty

In
te
rp
re
ta
ti
o
n

C
o
rr
ec

t
vs

in
co

rr
ec

t
au

to
m
at
ed

ad
vi
ce

G
au

b
e1

9 ;
K
üc

ki
ng

21
;

N
ov

ot
ny

/B
on

d
17
/1

8
A
d
ju
st
ed

od
d
s
ra
tio

O
R
10

.1
9
(9
5%

C
I7

.4
3–

13
.9
8)

k
=
3;

I²
=
0%

;R
E
M
L
+

m
od

ifi
ed

H
ar
tu
ng

–
K
na

p
p

La
rg
e
co

nd
iti
on

al
p
en

al
ty

w
he

n
ad

vi
ce

w
as

w
ro
ng

;e
xp

lo
ra
to
ry

b
ec

au
se

k
=
3.

C
on

te
m
p
or
ar
y

se
ns

iti
vi
ty

(≥
20

20
)

G
au

b
e1

9 ;
K
üc

ki
ng

21
A
d
ju
st
ed

od
d
s
ra
tio

O
R
9.
22

(9
5%

C
I2

.0
6–

41
.1
3)

k
=
2;

m
od

ifi
ed

H
ar
tu
ng

–
K
na

p
p

E
xc

lu
d
in
g
th
e
ol
d
er

E
C
G
co

ho
rt
p
re
se

rv
ed

th
e

p
oi
nt

es
tim

at
e
b
ut

m
ar
ke

d
ly
w
id
en

ed
un

ce
rt
ai
nt
y.

A
b
so

lu
te

ris
k

re
du

ct
io
ns

(A
R
R
s)

S
am

e
3
co

ho
rt
s

S
tu
dy

-s
p
ec

ifi
c
p
er
ce

nt
ag

e-
p
oi
nt

re
du

ct
io
n
in

in
co

rr
ec

td
ec

is
io
ns

/
in
cr
ea

se
in

co
rr
ec

td
ec

is
io
ns

G
au

be
40

.1
p
p
ra
d
io
lo
gi
st
s/
37

.5
p
p
IM

/E
M
;K

üc
ki
ng

36
.5

p
p
;N

ov
ot
ny

/B
on

d
43

.2
p
p
ca

rd
io
lo
gy

/5
9.
0
p
p

no
n-
ca

rd
io
lo
gy

N
ot

p
oo

le
d
b
ec

au
se

b
as

el
in
e
ris

ks
an

d
st
ud

y
st
ru
ct
ur
es

d
iff
er
ed

A
b
so

lu
te

ef
fe
ct
s
ar
e
re
po

rt
ed

al
on

gs
id
e
O
R
s;

no
p
oo

le
d
A
R
R
w
as

ca
lc
ul
at
ed

.

R
ea

l-
w
o
rl
d
er
ro
ne

o
us

-
o
ut
p
ut

no
n-
co

rr
ec

ti
o
n

A
nh

45
;B

ae
46
;L

in
d
ow

47
;

E
sc

ab
í-
M
en

do
za

48
R
an

d
om

-e
ff
ec

ts
p
ro
p
or
tio

n
26

.6
%

(9
5%

C
I6

.4
–
65

.6
%
)

I²
=
95

.8
%
;9

5%
P
I0

.3
–
98

.0
%

E
xp

lo
ra
to
ry

im
p
le
m
en

ta
tio

n
es

tim
at
e;

op
er
at
io
na

ld
efi

ni
tio

ns
d
iff
er
.

R
ea

l-
w
or
ld

te
m
p
or
al
tr
en

d
S
am

e
4
st
ud

ie
s

R
an

d
om

-e
ff
ec

ts
m
et
a-
re
gr
es

si
on

β
=
0.
07

5
lo
g-
od

d
s/
ye

ar
(9
5%

C
I−

0.
06

6
to

0.
21

6)
;p

=
0.
30

k
=
4;

ex
tr
em

e
he

te
ro
ge

ne
ity

N
o
re
lia
b
le
ev

id
en

ce
of

lin
ea

rt
em

p
or
al
ch

an
ge

;
hy

p
ot
he

si
s-
ge

ne
ra
tin

g
on

ly
.

B
id
ire

ct
io
na

lc
lin
ic
ia
n–

C
D
S
S

tr
an

si
tio

ns
D
re
is
ei
tl4

9
O
p
p
or
tu
ni
ty
-s
p
ec

ifi
c
tr
an

si
tio

ns
W
ro
ng

→
co

rr
ec

t3
6/
14

0
(2
5.
7%

);
co

rr
ec

t→
w
ro
ng

50
/2
17

(2
3.
0%

)
B
en

efi
t:
ha

rm
ra
tio

0.
72

;n
et

−
14

co
rr
ec

td
ec

is
io
ns

B
en

efi
ta

nd
ha

rm
co

ex
is
te
d
w
ith

in
th
e
sa

m
e

w
or
kfl

ow
.

H
ig
h-
fi
d
el
ity

un
sa

fe
-A

I
in
te
rc
ep

tio
n

Fe
st
or

38
S
tu
dy

-s
p
ec

ifi
c
in
te
rc
ep

tio
n
ra
te

83
%

un
sa

fe
re
co

m
m
en

d
at
io
ns

st
op

p
ed

;9
2%

st
op

p
ed

or
es

ca
la
te
d

S
in
gl
e
si
m
ul
at
ed

IC
U
co

ho
rt

E
sc

al
at
io
n
ca

n
op

er
at
e
as

an
ex

p
lic
it
sa

fe
ty

b
ar
rie

r.

C
on

te
m
p
or
ar
y
LL

M
er
ro
r

p
en

al
ty

Q
az

i39
A
d
ju
st
ed

m
ea

n
d
iff
er
en

ce
D
ia
gn

os
tic

re
as

on
in
g
−
14

.0
p
p
;t
op

-c
ho

ic
e

ac
cu

ra
cy

−
18

.3
p
p

R
an

d
om

iz
ed

tr
ia
l

E
xt
en

d
s
su

sc
ep

tib
ili
ty

to
d
el
ib
er
at
el
y
fl
aw

ed
LL

M
re
co

m
m
en

d
at
io
ns

.

G
en

er
at
iv
e-
A
Id

ra
ft
er
ro
r

in
te
rc
ep

tio
n

B
iro

44
S
tu
dy

-s
p
ec

ifi
c
m
is
s
ra
te

E
ac

h
of

fo
ur

er
ro
rs

m
is
se

d
b
y
65

–
75

%
;m

ea
n
2.
67

/4
m
is
se

d
;3

5–
45

%
d
ra
ft
s
se

nt
un

ed
ite

d
20

-P
C
P
co

nt
ro
lle
d
si
m
ul
at
io
n

C
on

te
m
p
or
ar
y
ev

id
en

ce
of

re
si
d
ua

le
rr
or

af
te
r

cl
in
ic
ia
n
re
vi
ew

.

A
R
R
ab

so
lu
te

ris
k
re
d
uc

tio
n,

C
D
S
S
cl
in
ic
al
d
ec

is
io
n-
su

pp
or
ts

ys
te
m
,C

Ic
on

fi
d
en

ce
in
te
rv
al
,E

C
G
el
ec

tr
oc

ar
d
io
gr
ap

hy
,I
C
U
in
te
ns

iv
e
ca

re
un

it,
IM

/E
M

in
te
rn
al
m
ed

ic
in
e/
em

er
ge

nc
y
m
ed

ic
in
e,

LL
M

la
rg
e
la
ng

ua
ge

m
od

el
,O

R
od

d
s
ra
tio

,P
Ip

re
d
ic
tio

n
in
te
rv
al
,p

p
p
er
ce

nt
ag

e
p
oi
nt
s,

R
E
M
L
re
st
ric

te
d
m
ax

im
um

lik
el
ih
oo

d
.

https://doi.org/10.1038/s41746-026-03408-5 Article

npj Digital Medicine Article in Press

www.nature.com/npjdigitalmed


illustrating beneficial correction, AI-induced harm, and resilient oversight
through independent verification or escalation.

Management consequences and patient harm
Accepted or uncorrected automated errors were associated with down-
streammanagement consequences, including inappropriate treatment and
delayed anticoagulation. In Southern and Arnsten, an erroneous compu-
terized interpretation of acute ischemia increased recommendations for
urgent revascularization from 10% to 30%52. Bae et al. and Lindow et al.
documented inappropriate follow-up, treatment, and anticoagulation after
accepted erroneous ECG interpretations46,47. These observations demon-
strate that erroneous automated outputmay persist into subsequent clinical
management, but they do not by themselves establish patient harm.

Patient-level adverse eventsweremuchmore limited: thromboembolic
and bleeding events were reported in only one retrospective cohort and
involved small event counts. Escabí-Mendoza et al. reported delayed
anticoagulation in 14 of 76 unrecognized missed-atrial-fibrillation cases,
two thromboembolic events, inappropriate anticoagulation in 10 of 86
overcalled cases, and one bleeding hospitalization48. These observational
findings demonstrate that erroneous automated output may persist into
subsequent clinical management, but they do not establish that the auto-
mated error caused the adverse patient outcomes. Event-level management
and patient consequences are detailed in Supplementary Table 6.

Mitigation strategies
Mitigation evidence was inconsistent. Localization reduced false-negative
influence in Bernstein et al., whereas deleting the AI record produced only
partial mitigation26. Presentingmultiple computerized diagnostic proposals
in the Novotny/Bond cohort may have encouraged differential reasoning,
although the comparison requires replication17,18. Selective suppression of
high-risk outputs reduced harmful switching in simulation, but has not yet
been prospectively validated in a clinical workflow51.

By contrast, explanations and generic warnings were not dependable
safeguards. Image-based explanations did not meaningfully protect clin-
icians from systematically biased AI, local and global explanations did not
rescue performance under wrong chest-radiograph advice, and a warning
that “ChatGPT canmakemistakes”did not reduce diagnostic switching53–56.

Trust-calibration training and attitudinal priming also lacked consistent
overall benefit54,57. Large observational analyses further showed substantial
heterogeneity in who benefits or is harmed by AI assistance, reinforcing the
need for interaction-level rather than average-effect evaluation58–61. Miti-
gation strategies, their observed effects, and their implementation implica-
tions are summarized in Table 3.

Methodological appraisal
Among the 40 core cohorts, 26 were classified as having high overall
methodological concern and 14 as having some concerns; none was clas-
sified as low concern. Common limitations included convenience sampling,
small reader samples, simulated or purported AI, absence of a same-case
pre-AI judgment, incomplete accounting for repeated clinician or case
observations, and incomplete direction-specific outcome reporting. Final
domain-level consensus judgments are presented in Supplementary Table 7
and summarized visually in Supplementary Fig. 1.

Discussion
This review provides complementary evidence on human–AI interaction
safety across controlled and real-world settings. Across three adjusted
cohorts, clinician correctness was substantially higher when automated
advice was correct than when it was wrong, and the ≥2020 sensitivity
analysis yielded a similar point estimate after exclusion of the older ECG
cohort. Across four real-world ECG studies, erroneous output sometimes
survived clinical review, but the prediction interval spanned almost the full
possible range. Direction-specific evidence further showed that automated
support canboth correct an initiallywrongdecision andoverturnan initially
correct one. Together, thesefindings support evaluating humanoversight as
a conditional error-interception capability rather than inferring safety from
average AI performance or the mere presence of a clinician reviewer.

The historical and contemporary evidence should not be treated as
technologically equivalent. Historical studies should not be interpreted as
direct estimates of the safety of contemporary generative AI; their relevance
is primarily mechanistic. Earlier computerized ECG and conventional
decision-support studies already showed susceptibility to incorrect auto-
mated recommendations and the possibility of both beneficial and harmful
decision switching. Contemporary AI and LLM studies extend these

Fig. 3 | Real-world failure to correct erroneous automated interpretations. Forest plot of study-level non-correction proportions with Wilson confidence intervals, the
primary logit random-effects estimate, the beta-binomial robustness estimate, and the 95% prediction interval.
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mechanisms into more capable and persuasive systems, but most modern
evidence remains controlled or simulated rather than deployed. The older
quantitative estimates therefore shouldnot be interpreted as directmeasures
of the safety or failure rate of contemporary generative AI.

The provenance of an automated error changes what can be inferred
from clinician responses to it. Deliberately manipulated errors isolate the
effect of exposure to incorrect advice more cleanly because error status is
controlled independently of the underlying case. Naturally occurring errors

Fig. 4 | Evidence matrix across 40 independent core cohorts. Heat map showing
cohort-level evidence across wrong-advice exposure, direction-specific transitions/
adoption, real-world non-correction,management or patient events,mitigation, and

error provenance. Error provenance is distinguished as experimentally manipu-
lated/synthetic, naturally occurring in controlled evaluations, or naturally occurring
in deployed systems.
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in controlled evaluations more closely represent authentic model failures
but may occur preferentially in difficult or ambiguous cases, making the
effects ofmodel error and case difficulty harder to separate. Errors observed
in deployed systems provide the strongest evidence about routine error
interception but are additionally influenced by workflow, documentation,
expertise, and downstream verification processes. These evidence sources
are therefore complementary rather than interchangeable. Their inclusion

within one review reflects a common human-oversight question, whereas
their provenance is explicitly retained when interpreting internal validity,
generalizability, and implementation relevance.

The phrase “human in the loop” describes an organizational
arrangement, not a demonstrated safety property. A clinician can formally
retain final authority while lacking the expertise, time, uncertainty infor-
mation, or source evidence needed to challenge a plausible

Fig. 5 | Benefit–harm transitions andobserveddownstreamevents.PanelA shows
wrong-to-correct and correct-to-wrong decision transitions. Panel B summarizes
selected wrong-advice adoption rates using opportunity-specific denominators.
Panel C summarizes observed downstream management actions and patient-level

events after accepted or uncorrected automated errors. Patient-level events were
reported in only one retrospective cohort and should not be interpreted as estab-
lishing causality.

Fig. 6 | Hypothetical clinical scenarios illustrating human oversight of
erroneous AI.The figure depicts three conceptual pathways: beneficial correction of
an initially incorrect clinician judgment, AI-induced reversal of an initially correct

judgment, and resilient oversight in which disagreement triggers independent ver-
ification or escalation before action. These scenarios are illustrative and are not
derived from individual patient-level data.

https://doi.org/10.1038/s41746-026-03408-5 Article

npj Digital Medicine Article in Press

www.nature.com/npjdigitalmed


recommendation. The specialty gradients in real-world ECG studies illus-
trate this distinction: cardiologists corrected erroneous output more often
than non-specialists, and specialist consultation functioned as a separate
safety layer.Humanoversight should therefore be evaluated as a conditional
capability comprising independent judgment, access to confirmatory evi-
dence, domain expertise, time for verification, and an escalation pathway.

This framing also clarifies why asking users simply to “check the AI” is
inadequate. Verification complexity may exceed the resources available at
the point of care, especially for high-dimensional images, long records, or
fluent generative explanations8,9. The appropriate safety question is not
whether a clinician signed the final decision, but whether the workflow
enabled meaningful independent verification of the failure modes that
matter.

Post-assistance accuracy collapses distinct transitions. An unchanged
correct decision, an error corrected by AI, a correct decision overturned by
AI, and a persistent human error can produce the same aggregate accuracy
under different clinical mechanisms. The Dreiseitl transition matrix shows
why this matters: beneficial and harmful transitions occurred in the same
workflow, and the harmful transitions slightly outnumbered the beneficial
ones. A complete four-cell transition matrix—correct-to-correct, correct-
to-wrong, wrong-to-correct, and wrong-to-wrong—should become a
standard outcome, accompanied by disagreement-opportunity denomi-
nators and a benefit-to-harm event ratio.

This approach also prevents misleading comparisons across studies. A
raw “AI-adoption rate” can appear low when calculated over all decisions
even though the conditional adoption rate is highwhen theAI is wrong and
disagrees with an initially correct clinician. Conversely, a systemmay have a
high overall acceptance rate because most advice is correct. Safety reporting
must therefore condition reliance on AI correctness and on whether a
genuine disagreement opportunity existed.

The I² of 95.8% in the real-worldnon-correction synthesis isnotmerely
statistical noise. It reflects genuine variation in disease prevalence, signal
quality, clinician expertise, documentation,workflow, access to overreading,
and how correction was defined. The prediction interval of 0.3–98.0%
means that the pooled mean cannot forecast safety in a new deployment.
Local validation should measure non-correction in the intended workflow,
stratifiedby reader role, error type, urgency, and availability of confirmatory
information. Reporting a single pooled percentage without this context
would imply a transportability that the evidence does not support.

The prominence of ECG studies in the earlier evidence base reflected
both the long history of computerized ECG interpretation as a deployed
clinical decision-support technology and incomplete capture of several
recent human–AI studies in theoriginal review.After inclusionof additional
contemporary evidence, ECG interpretation accounted for 10 of 40 core
cohorts. Nevertheless, an important asymmetry remains: the pooled real-
worldnon-correction estimatederives entirely fromdeployed computerized
ECG systems, whereas most contemporary AI and LLM evidence comes
from controlled experiments or simulated clinical workflows. The ECG
implementation estimate should therefore not be extrapolated directly to
generative AI.

This review is complementary to recent syntheses of average
human–LLM collaboration and broad collaboration patterns4–6. Those
reviews establish that collaboration effects are heterogeneous. The present
analysis identifies one mechanism underlying that heterogeneity: the value
of AI assistance depends strongly on whether the advice is correct and
whether the workflow can recognize the cases in which it is not.

The evidence supports a layered rather than symbolic approach to
oversight. First, workflows should preserve an independent clinician judg-
ment before revealing AI output when feasible. Second, disagreement
should trigger active verification rather than passive reconsideration. Third,
high-risk or poorly calibrated outputs should be suppressed, accompanied
by abstention, or routed to specialist review. Fourth, interfaces should
expose task-specific uncertainty and verifiable source evidence rather than
relying on generic explanations. Fifth, post-deployment monitoring should
count AI-induced errors, clinician-corrected AI errors, known-output non-T
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correction, and downstream management consequences. These principles
align with lifecycle risk management and responsible clinical machine
learning13,62.

Mitigation trials should compare concrete interface and workflow
mechanisms. “Explanation” is too broad an intervention category: locali-
zation may focus verification, while narrative rationales may increase per-
ceived coherence without increasing truthfulness. Similarly, warnings are
unlikely to change behavior when they are generic, continuously displayed,
or disconnected from the specific uncertainty of the case. Prospective trials
should test independent-first workflows, structured counterfactual
prompts, alternative-hypothesis generation, selective abstention, specialist
escalation, and audit feedback using the same direction-specific safety
outcomes.

Strengths include cohort-level linkage of overlapping reports, explicit
separation of experimentally manipulated and naturally occurring errors,
integration of historical and contemporary technologies, separation of all-
decision and disagreement-opportunity denominators, use of adjusted
comparative effects where available, study-specific absolute effects, a con-
temporary sensitivity analysis, a prediction interval for real-world non-
correction, and a beta-binomial robustness analysis.

Evidence linking erroneous automated output to patient-level harm
remains sparse. Although inappropriate treatment, delayed management,
thromboembolism, and bleedingwere observed downstream of accepted or
uncorrected errors, patient-level adverse events were reported in only a
single retrospective cohort and involved few events. Residual confounding,
underlying disease severity, clinician decision-making, and subsequent care
processes could all have contributed to these outcomes. The available data
therefore support a plausible pathway from automated error to altered
management but do not establish a causal effect of automation bias on
patient harm.

Several limitations remain. The primary adjusted meta-analysis con-
tained only three cohorts, and the real-world proportion meta-analysis
contained four ECG studies with extreme heterogeneity and non-identical
correction definitions. The published Novotny/Bond model did not clearly
document adjustment for repeated physician and case observations, while
the two-study contemporary sensitivity analysis was necessarily imprecise.
Most contemporary AI and LLM studies were controlled experiments or
simulations rather than deployed systems. Patient-level adverse events were
reported in only one retrospective cohort with small event counts, pre-
cluding causal attribution. Several historical studies provided only partial
extractable data. Search completeness should also be interpreted with some
caution, as citation-based checking of known eligible studies improved
coverage but could not exclude the possibility that relevant studies were
missed when responses to erroneous AI output were secondary analyses or
were not apparent in searchable titles, abstracts, or keywords. Finally, the
archived project record did not preserve study-level reasons for the 16 non-
retrieved reports or verbatim platform-exported search histories; these
limitations are reported transparently rather than retrospectively
reconstructed.

Evidence that erroneous automated output can influence clinician
decisions spans several generations of clinical decision support, but the
strength and setting of that evidence differ substantially by technology era.
Real-world non-correction data currently derive mainly from legacy com-
puterized ECG systems, whereas evidence for contemporary AI and large
language models remains predominantly experimental. Erroneous auto-
mated advice can overturn otherwise correct clinical judgments and persist
into inappropriate or delayedmanagement, but patient-level harm evidence
remains sparse and observational. Human oversight is therefore not
intrinsically protective and should be designed, tested, and monitored as a
conditional error-interception capability within each technology and clin-
ical context. Prospective studies should determine whether failures of
oversight causally affect patient safety while preserving the benefits of AI
assistance.

Methods
Protocol and reporting
The review was conducted and reported in accordance with the PRISMA
2020 statement and the Cochrane Handbook, with synthesis withoutmeta-
analysis reported according to SWiM when quantitative pooling was not
defensible63–65. The protocol and statistical analysis plan were specified
before the expanded quantitative synthesis and registered in PROSPERO
(CRD420261457103). The completed PRISMA checklist is provided in the
Supplementary Information, and the conventional study-selection flow is
presented in Supplementary Fig. 2. AI was used for language editing,
grammar correction and improvement of readability. AI-assisted tools were
not used to determine study eligibility, extract data, assess methodological
quality, make statistical decisions independently, or generate scientific
conclusions. AI-assisted tools were not used to generate underlying study
data or fabricated visual content

Information sources and search strategy
We searchedMEDLINE, Embase,Web of Science Core Collection, Scopus,
PsycINFO, CINAHL, IEEE Xplore, ACM Digital Library, medRxiv, and
arXiv from inception to 20 July 2026.The searchwas deliberately focusedon
studies in which erroneous, misleading, discordant, or otherwise incorrect
automated clinical outputwas followedbyanobservable clinician judgment,
decision, correction, acceptance, or other response; it was not intended to
retrieve the broader literature on clinical AI performance or human–AI
collaboration without an error-exposure component. The original search
identified 160 records. After removal of 10 duplicates, 150 records were
screened; 79 reportswere sought for retrieval, 63were assessed for eligibility,
and 38 were included. Sixteen reports could not be retrieved. The archived
project record retains this aggregate count but does not contain sufficiently
reliable study-level reasons for non-retrieval or a complete record of
retrieval attempts; these details were therefore not retrospectively recon-
structed. During revision, reviewer-suggested studies and targeted citation/
recent-literature searching through 17 August 2026 identified 11 additional
reports for assessment, of which eight were included and three excluded.
Full source-specific search strategies, including Boolean combinations, field
restrictions, and platform-specific syntax, are provided in Supplementary
Table 8. Because verbatim platform-exported histories from the original
search were not retained in the available project archive, the source-specific
syntax was reconstructed from the prespecified search concepts, protocol,
and available project records and is explicitly identified as reconstructed.

Eligibility criteria
We included studies in which licensed clinicians or clinical trainees made a
diagnostic, prescribing, triage, interpretation, treatment, documentation, or
management decision after viewing output from an AI, machine-learning
model, automated interpretation system, clinical decision-support system,
or LLM. Eligible studies had to include an incorrect, misleading, system-
atically biased, false-positive, false-negative, unsafe, or naturally erroneous
automated recommendation, or to provide pre-AI and post-AI decisions
that permitted identification of an AI-induced correct-to-wrong transition.
Randomized trials, crossover studies, repeated-reader experiments, quasi-
randomized studies, before–after studies, high-fidelity simulations, and real-
world implementation cohorts were eligible.

We excluded standaloneAI-versus-humanperformance comparisons,
patient-only chatbot studies, studies reporting only satisfaction or read-
ability, protocols, editorials, and studies in which the automated output was
always correct. Studies with disagreeing but non-adjudicable advice were
retained only as adjacent mitigation evidence. Reports sharing participants
and cases were linked at the cohort level; themost complete report supplied
the primary quantitative data and companion reports supplied only unique
secondary outcomes.

Study selection and data extraction
Two reviewers (D.Z. and J.L.) independently screened titles and abstracts,
assessed full texts, and extracted data using a piloted form. Disagreements
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were resolved through discussion and, whennecessary, adjudication by Z.L.
We extracted clinical domain, clinician expertise, sample size, task and
modality, automation type, source labeling, timing of the automated advice,
whether a pre-AI independent judgment was recorded, how erroneous
output arose, reference-standard construction, unit of analysis, repeated-
measures structure, accuracy, reliance, confidence, decision time, mitiga-
tion, and downstream clinical consequences.Numerical datawere extracted
from text, tables, figures, and supplementary files. Discrepancies between
reported denominators were retained transparently and explored in sensi-
tivity analyses rather than silently reconciled.

Error provenance was classified into three categories: (1) experimen-
tally manipulated or synthetic erroneous output, in which investigators
deliberately controlled the correctness of the automated recommendation;
(2) naturally occurring model errors evaluated in controlled or simulated
settings; and (3) naturally occurring errors identified indeployedor routine-
care systems. These categorieswere retainedwithin the same reviewbecause
each addressed the common reviewquestion of howclinicians respond after
exposure to erroneous automated output, but they were treated as distinct
sources of evidence with different implications for internal validity, ecolo-
gical validity, and implementation relevance.

Outcome definitions
The primary comparative outcome was clinician correctness under correct
versus incorrect automated advice. The co-primary implementation out-
come was the proportion of erroneous automated outputs not corrected or
recognized by the responsible clinician in real-world care.Direction-specific
transitions were defined as correct-to-wrong switching (harmful negative
consultation) and wrong-to-correct switching (beneficial correction). Sec-
ondary outcomes were erroneous-advice adoption, omission and com-
mission errors, confidence and calibration, decision time, specialty
differences, mitigation effects, management consequences, and patient
harm.Rates basedonall decisionswerekept separate fromrates conditioned
on erroneous advice or a clinician–AI disagreement opportunity.

For the real-world implementation studies, study-specific definitions
of non-correction or non-recognition were retained during extraction and
thenmapped to a harmonized implementation construct of failure of error
interception: an erroneous automated interpretation that survived the
relevant clinical review or documentation step without documented cor-
rection or recognition. Anh et al. defined non-correction as failure of the
primary physician reader to correct an erroneous computerized atrial-
fibrillation interpretation. Bae et al. used a broader definition in which
correction could arise through physician review and/or subsequent com-
puterized interpretation. Lindow et al. classified erroneous atrial-fibrillation
or atrial-flutter interpretations according to whether they were accepted or
corrected in the documented physician interpretation. Escabí-Mendoza
et al. explicitly distinguished recognized from unrecognized computerized
errors and reported cases with no documented recognition separately.
Because these operational definitions were not identical, the pooled pro-
portion was interpreted as an exploratory implementation-level summary
rather than a universal estimate of clinician error recognition. Sensitivity
analyses varied the handling of the broader Bae definition and undocu-
mented or ‘no mention’ responses in Lindow and Escabí-Mendoza.

Methodological appraisal
Because the evidence base included randomized trials, crossover and
repeated-reader studies, quasi-experimental studies, and retrospective
implementation cohorts,methodological appraisalwasdesign-specific.Two
reviewers (D.Z. and J.L.) independently assessed each core cohort using
prespecified domains. Disagreements were resolved through discussion
and, when necessary, adjudication by Z.L. Conventional design domains
were informed by RoB 2 for randomized studies and ROBINS-I principles
for non-randomized studies66,67. Additional human–AI interactiondomains
assessed whether the erroneous-output condition was clearly defined,
whether the reference standard was independent of the automated system,
whether a same-case clinical judgment was available before exposure to

automated advice, whether repeated observations from the same clinicians
and/or clinical cases were appropriately accounted for, whether automated-
output correctness could be distinguished from underlying case difficulty,
and whether direction-specific outcomes were completely reported. These
domains were applied consistently across all core cohorts and were not
combined into a numerical quality score. TRIPOD+AI and PRO-
BAST+AI informed assessment of model and reference-standard
reporting but were not used as numerical scores68,69. The final appraisal is
summarized visually in Supplementary Fig. 1.

Statistical analysis
Adjusted odds ratios comparing clinician correctness under correct versus
incorrect automated advice were log-transformed. Multiple strata from the
same cohortwere combinedbeforemeta-analysis topreserve independence.
Random-effects models used restricted maximum-likelihood estimation
with modified Hartung–Knapp confidence intervals70,71. In addition to
adjusted odds ratios, absolute risk reductions (ARRs) were calculated for
each cohort contributing to the primary meta-analysis to provide an
absolute measure of effect. Because baseline risks and study structures dif-
fered across cohorts, ARRs were reported at the study or specialty-stratum
level and were not pooled.We audited the three cohorts contributing to the
primary adjusted meta-analysis for dependence arising from repeated
observations within clinicians and/or clinical cases. Gaube et al. used mul-
tilevel modeling with participant-level random effects, and Kücking et al.
used a generalized linear mixed-effects model with a participant random
intercept. For the Novotny/Bond cohort, the published logistic regression
analysis did not clearly document adjustment for repeated observations
contributed by the same physicians and cases. We therefore retained the
published adjusted estimate but considered its confidence interval poten-
tially overprecise if within-clinician or within-case correlation was not fully
accounted for. A sensitivity analysis excluding this cohort was performed to
assess the robustness of the pooled association.

Real-world non-correction proportions were synthesized on the logit
scale with Wilson study-level confidence intervals; τ², I², and a 95% pre-
diction interval were reported. A beta-binomial random-effects model was
used as a robustness analysis. Temporal effects were explored using three
complementary approaches: a contemporary sensitivity analysis of the
primary adjusted meta-analysis restricted to studies published from 2020
onward; descriptive stratification by technology era; and an exploratory
random-effects meta-regression of publication year as a continuous mod-
erator of real-world non-correction proportions. Because these temporal
analyses contained very few studies, particularly the meta-regression, they
were treated as descriptive and hypothesis-generating rather than
confirmatory.

Error provenance was considered a clinically and methodologically
relevant source of heterogeneity. Formal provenance-specificmeta-analysis
was undertaken only when sufficiently comparable studies and common
outcome definitions were available. Because subdivision of the primary
adjusted synthesis would have resulted in strata containing only one or two
independent cohorts, provenance-specific pooled estimates were not cal-
culated. Instead, provenance was reported at the study level and incorpo-
rated into the stratified descriptive synthesis. Quantitative pooling was
restricted to studies estimating sufficiently comparable outcomes; studies
with incompatible outcome definitions or dependence structures were
synthesized narratively. Direction-specific transitions, mitigation strategies,
and clinical consequenceswere not pooledwhenopportunity denominators
or dependence structureswere incompatible. Publication-bias testswere not
performed because no homogeneous analysis included at least 10 inde-
pendent cohorts. Analyses were conducted in R using metafor and custom
beta-binomial code72.

Data availability
All study-level data supporting the findings of this systematic review and
meta-analysis are provided in the Supplementary Information and
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accompanying source-data files, including extracted study characteristics,
effect-size calculations, and analysis-ready datasets.

Code availability
The code generated and/or analyzed during the current study are not
publicly available due to the study-specific nature of the data extraction,
processing, and analytical workflows used in this systematic review and
meta-analysis, but are available from the corresponding author on rea-
sonable request.
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