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Abstract
Background: Despite growing recognition that AI-driven systems offer transformative benefits for diagnostic imaging,
insufficient evidence exists regarding how medical imaging workforces adapt to AI technology to support workforce sustaina-
bility.
Objective: The aim of this study is to systematically review the existing literature on perceptions and attitudes toward AI
adoption in medical imaging, postadoption adaptation behaviors within the workforce, and the implications of these processes
for workforce sustainability.
Methods: Following the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines, a
systematic search was carried out across 7 databases. Thematic analysis was used to systematically identify, analyze, and
interpret patterns across the literature, providing a comprehensive understanding of workforce perceptions and adaptation
behaviors.
Results: A total of 69 peer-reviewed articles were included for thematic synthesis. The findings produced 6 critical factors
that were identified as themes associated with AI adoption: perceived benefits, trust, readiness to change, autonomy and
control, perceived threat to professional identity, and attitudes and intentions toward AI adoption and use. Four key facets
of effective cognitive and behavioral adaptation were identified: training and skills development, task performance during
AI-assisted practice, reduction of mental health burden and work strain, and policy compliance. The influence of work
engagement and job satisfaction on workforce sustainability was also conceptualized. The findings were integrated into a
framework describing the radiology workforce perspectives on AI adoption, adaptation behaviors, and workforce sustainabil-
ity.
Conclusions: The findings have potential implications for policy, particularly in strengthening AI-equipped medical imag-
ing systems, fostering trust in AI-driven technologies, and supporting workforce training and upskilling, while considering
professional autonomy and role identity. The review highlights a research gap, emphasizing the need for further investigation
into postadoption adaptation processes and informing policy development that links AI integration with long-term workforce
sustainability in medical imaging.
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Introduction
AI technologies are rapidly being integrated into medi-
cal imaging to enhance clinical efficiency, resilience, and
precision [1]. This integration is reshaping medical imag-
ing workflows and professional practices, including train-
ing [2]. Understanding medical imaging workforces’ beliefs,
attitudes, intentions, and behaviors toward AI adoption is
critical to ensure a meaningful integration of AI into the
real-world clinical environment, including ensuring that both
the financial and human resource (HR) costs and benefits of
this major change are properly considered [3].

Workforce technology adoption is a mature but burgeon-
ing research field, with multiple theoretical models used
to explain the factors that influence users’ adoption and
adaptation of new technology [4]. One key theory, for
example, is the Technology Acceptance Model (TAM),
which posits that perceived usefulness and perceived ease
of use shape users’ attitudes and behavioral intentions
toward a technology. Technology adoption or acceptance
and adaptation behaviors are interrelated and associated
with long-term outcomes, including improved productivity.
Employees’ interactions with new technologies can shape
their postadoptive adaptation behaviors, including how they
modify system use and respond to technology-related changes
over time [5-7]. Sun [6], for example, suggested that
postadoptive behaviors involve a cycle of adaptation in
which employees modify their use of new technologies
over time. Similarly, Beaudry and Pinsonneault [7] argued
that employees choose different adaptation strategies based
on the expected outcomes of the technology event and
the assessment of their control over the situation. Addition-
ally, organizational sustainability of technology adaptation
is commonly defined by how adopted new technologies
improve business models to better address societal, environ-
mental, and economic challenges [8,9]. This application of
organizational sustainability has not yet been adequately
considered in medical imaging; however, the rapid uptake
of AI systems in radiology departments makes such consid-
erations critical to the integrated workforce’s adoption. In
this study, postadoption adaptation in radiology refers to the
cognitive, behavioral, and workflow adjustment undertaken
by clinicians following the initial acceptance and adoption of
AI-driven systems.

AI offers unique advantages in aiding diagnostic path-
ways by reducing workloads [10,11], preventing overdiag-
nosis, and reducing reliance on radiologists [12]. This
transformation is particularly welcome, given significant
workforce shortages and increased demand for radiologists
reported across many health services [13-15]. Research
to date indicates that the technology innovation-behavioral
theories employed in AI-driven diagnosis and treatment have
examined the antecedents in isolation [16-18]. This offers
a limited understanding of how AI acceptance decisions

develop into postadoption processes that promote workforce
sustainability.

More specifically, Perez et al [19] reported that little
is known about how radiologists adapt to AI systems and
how they cope with its associated threats, challenges, and
opportunities. Malamateniou et al [20] also identified that
perceptions of radiology AI system adoption and post-
adoption adaptation dynamics have not yet been suffi-
ciently realized to ensure safe usage of this organizational
change process. Unsurprisingly, Sesay et al [21] showed
that IT implementation consequences emerge gradually
through cascading phases shaped by organizational structures
and policy constraints. Organizational pressures, including
financial pressures, have been associated with changes or
declines in employees’ adaptation behaviors [22]. These
studies suggest that continuous adaptive efforts (eg, proac-
tively seeking training in AI applications and conducting
robust postimplementation auditing and clinical validation)
are essential to unlocking the full value of new technolo-
gies, optimizing effectiveness, and supporting sustainable
workforce outcomes.

Existing evidence describes, to varying extents, how
AI adoption is linked to adaptation and workflow adjust-
ments. However, it is not clear exactly how radiologists’
adaptation behaviors to an AI system are associated
with skills, retention, task performance during AI-assisted
practice, diagnostic accountability, and long-term profes-
sional resilience, thereby supporting radiologist workforce
sustainability. This gap in understanding the adoption-to-
sustainability pathway motivates the current review, which
addresses the following research question:

1. What workforce factors shape AI adoption and
postadoption adaptation among medical imaging
workforces, and how are these factors linked to
workforce sustainability outcomes?

Methods
Overview
To answer the research question, a systematic literature
review was conducted. The systematic review followed
the 5 steps of the PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) guidelines:
identification of information sources; development of the
search strategy; application of inclusion and exclusion
criteria; screening and data extraction; and assessment of
study quality and risk of bias [23], which are discussed in
detail as follows.
Information Sources
This systematic review searched for peer-reviewed journal
articles within 7 digital databases: Embase, PsycINFO,
Medline, CINAHL, Web of Science, ScienceDirect, and
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Scopus that described AI research in medical imaging
published between January 2020 and September 2025.

Search Strategy
Seven digital databases were selected based on their extensive
coverage of AI in medical imaging research and their
indexing of high-impact journals. Searches were conduc-
ted iteratively across databases between 25 August and
1 September 2025. A combination of keywords relating
to AI and radiology was used across all databases, com-
prising “artificial intelligence,” “AI,” “machine learning,”
“deep learning,” or “neural network*” combined with
“radiology*” or “radiologist*.” These were further com-
bined, in line with each database’s indexing structure and
controlled vocabulary, with terms drawn from the follow-
ing list: “adapt*,” “accept*,” “trust,” “role change,” “role
transformation,” “professional identity,” “burnout,” “work-
load,” “job satisfaction,” “resist*,” “technology acceptance,”
“implementation,” “integration,” “adoption,” “readiness,”
“perception*,” “attitude*,” “decision support,” “workflow,”
“satisfaction,” “experience*,” “impact,” “effect*,” “eval-
uation,” “preparedness,” “competence,” “clinical prac-
tice,” “barrier*,” “facilitator*,” “challenge*,” “confidence,”
“anxiety,” “usability,” “fear,” “engagement,” “collaboration,”
“autonomy,” “self-efficacy,” “leadership,” “morale,” and
“organizational culture.” Population and workforce terminol-
ogy varied according to the indexing and syntax of each
database and, where supported, included terms such as
“medical imaging professional,” “radiologic technologist,”
“health personnel,” “allied health personnel,” “workforce,”
“clinician*,” “physician*,” “medical professional*,” and
“healthcare professional*,” in addition to “radiolog*” and
“radiologist*.” These broader terms were used to capture
professionals interacting with AI within medical imaging
contexts, with population eligibility subsequently determined
during screening. Database-specific filters, such as publica-
tion date range and document type (eg, research articles in
Scopus), were applied where available. The full search strings
for all 7 databases are presented in Table S1 in Multimedia
Appendix 1.

Inclusion and Exclusion Criteria
The inclusion and exclusion criteria for this review were
designed to align with the study’s focus on AI adop-
tion, adaptation behaviors, and workforce sustainability in
medical imaging. Studies were included if they were peer-
reviewed English-language journal articles published between
January 2020 and September 2025 in journals ranked in
Quartile 1 (Q1) or Quartile 2 (Q2) (Q1 or Q2) accord-
ing to the SCImago Journal Rank, and addressed radiolo-
gists’ AI adoption and adaptation in medical imaging. The
Q1 or Q2 criterion formed part of the predefined eligi-
bility criteria and was applied during title and abstract
screening. Journal eligibility was subsequently verified
during full-text assessment before final inclusion. Eligible
studies examined AI, machine learning, or deep learning
applications across imaging modalities, including magnetic
resonance imaging (MRI), computed tomography (CT),
X-ray, ultrasound, positron emission tomography (PET),

single-photon emission computed tomography (SPECT),
mammography, and image-based endoscopy, in human
subjects. More specifically, studies were eligible if medical
imaging workforces interacted with or evaluated AI system
outputs as part of their clinical or diagnostic role (eg, as
readers, interpreters, or evaluators), regardless of whether
the primary outcome measured was attitudinal, behavioral,
or performance-based. Studies were excluded if AI models
were developed or validated using only imaging data with
no evidence of professional interaction with system outputs.
Articles presenting empirical evidence using quantitative,
qualitative, or mixed methods approaches were also inclu-
ded. In addition, research examining technological, clinical,
organizational, operational, and behavioral dimensions of
AI adoption and adaptation in medical imaging was inclu-
ded. In contrast, studies were excluded if they were review
articles, conference papers, book chapters, books, editorials,
opinions, research notes, industry reports, or government
documents. Studies focused on AI adoption and adaptation
outside the medical imaging field, those not involving human
participants, and those using purely technical, conceptual, or
simulation-based models were also excluded.

This review included and retained both workforce
perception or attitude studies (eg, surveys, interviews
assessing trust, readiness, and autonomy) and diagnostic
performance studies involving radiologist participation (eg,
reader studies comparing AI-assisted vs unassisted per-
formance) as distinct but complementary evidence types.
Performance studies were retained to capture immediate
task-level outcomes arising from professional interaction with
AI-assisted medical imaging systems, including workload,
reading time, diagnostic accuracy, and sensitivity (Table
1, Performance subtheme). These immediate performance
outcomes were treated as distinct from longer-term work-
force adaptation and sustainability outcomes and were not
interpreted as direct evidence of either construct. They are
complementary to studies on workforce members’ self-repor-
ted perceptions and attitudes (Table 2). Accordingly, studies
that included model development or validation were retained
only when they also examined professionals’ interaction with
AI outputs, such as reader studies in which imaging professio-
nals interpreted cases with AI assistance or could recon-
sider their initial decisions using AI-generated predictions,
scores, or visual guidance. Purely technical model-perform-
ance evidence was not sufficient for inclusion. Both evidence
types were therefore included as necessary components of the
workforce sustainability picture.
Screening, Data Extraction, and
Synthesis
Records identified across the 7 databases were imported into
Covidence, where 21,685 duplicate records were automat-
ically identified and removed prior to title and abstract
screening. Three reviewers (MKZ, NH, and JP) screened
the titles and abstracts, followed by a full-text review of
the selected studies. The authors resolved any variations in
study selection and inclusion via discussions, and formal
interrater agreement statistics (eg, Cohen kappa) were not

JMIR AI Brough et al

https://ai.jmir.org/2026/1/e101944 JMIR AI 2026 | vol. 5 | e101944 | p. 3
(page number not for citation purposes)

https://ai.jmir.org/2026/1/e101944


calculated. One member of the author team extracted data
from all 69 included studies using a structured form with
predefined fields. These covered study identification and
bibliographic details, country, study design, sample character-
istics, radiology service or clinical focus, imaging modal-
ity, AI methods and systems, theories used or mentioned,
workforce attitudes toward AI implementation and use, HR,
and workforce sustainability outcomes. A second member
(KMZ) independently conducted a confirmatory review
of the extracted data. Any discrepancies were discussed
and resolved by consensus. The final extracted data were
then used for descriptive analysis and thematic coding.
This review used multiple software packages to strengthen
methodological rigor. This included Covidence for the initial
literature search, screening, and data extraction, SPSS to
produce descriptive statistics, and NVivo (Lumivero) for
thematic analysis.

Given the methodological diversity of included stud-
ies (quantitative, qualitative, and mixed methods) and the
review’s aim of synthesizing perceptions, behaviors, and
conceptual relationships, this review adopted a systematic
review design with thematic synthesis, consistent with
Thomas and Harden [24]. This approach produces an
interpretive synthesis rather than scoping and a descriptive
map of the literature. Thematic coding followed an inductive
approach and was derived from the data (extracted study
findings); no a priori codebook was developed, consistent
with this inductive design. Coding was conducted by a single
reviewer (JP) using NVivo, based on data-extraction fields
that inductively captured key findings, workforce attitudes,
and HR and workforce outcomes for each of the 69 inclu-
ded studies. Initial codes were generated from extracted text,
then iteratively grouped into subthemes and higher-order
themes. For example, a study reported that radiographers
valued AI’s diagnostic support while also expressing concern
about deskilling was coded under both “Perceived benefits”
and “Perceived threat” to professional role and identity’

(Table 2); a study reporting reduced reading times alongside
unmet training needs was coded under both “Performance”
and “Training and skills development” (Table 1). Emerging
themes and their description were periodically reviewed and
discussed with the wider author team to check interpretive
consistency, though formal interrater coding reliability was
not calculated as coding was conducted by a single reviewer.
To strengthen verification, a second member of the review
team (KMZ) independently conducted a confirmatory review
of the study-to-theme coding. The reviewer agreed with the
overall thematic structure, with minor differences relating
primarily to theme labeling rather than substantive coding.
These differences were discussed and resolved by consensus
and did not alter the final thematic structure or study-to-theme
assignments. Study frequency (n) for each subtheme reflects
the number of studies in which that theme was substantively
coded; as studies could be coded under multiple subthemes
where their findings addressed multiple constructs, subtheme
frequencies are not mutually exclusive and do not sum to 69.
These frequencies represent counts of thematic occurrences
across the literature and should not be interpreted as effect
sizes or as the strength of association. A higher frequency
indicates a theme was more commonly discussed across the
included studies.

In this review, workforce sustainability is used as an
overarching concept referring to the capacity of the radiol-
ogy workforce to maintain effective, healthy, and adaptive
functioning in response to AI integration over time. As this
review used an inductive thematic synthesis, the specific
dimensions constituting workforce sustainability were not
predetermined but identified inductively from the included
literature (as presented in the Results section), and synthe-
sized into a conceptual framework (Figure 1). Accordingly,
job satisfaction and work engagement are presented as the
workforce-sustainability-related outcomes that emerged from
the reviewed evidence, rather than as an exhaustive or
validated set of dimensions of workforce sustainability.

Figure 1. AI adoption-adaptation for workforce sustainability in medical imaging. Percentages indicate the proportion of included studies (N=69)
in which each theme was coded. Frequencies do not represent effect sizes. Immediate task-level performance refers to short-term diagnostic and
workflow outcomes during AI-assisted practice and is distinct from longer-term workforce adaptation and sustainability outcomes. This framework is
presented in proposition format; relationships depicted have not been empirically tested and should not be interpreted as causal.

Quality Assessment
This study conducted a quality assessment using the
mixed methods appraisal tool (MMAT) to cover qualita-
tive, quantitative, and mixed method articles [25]. MMAT

evaluates the methodological quality of the literature in
terms of appropriateness, sampling techniques, completeness,
and reporting of study outcomes [26]. The initial MMAT
appraisal was conducted by one member of the review team
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(JP) and subsequently checked by another member (KMZ).
Minor differences in item-level judgments were discussed
between the 2 reviewers and resolved by consensus through
review meetings. Consistent with the MMAT 2018 guidance,
we did not calculate an overall score or assign an aggregate
quality category from the individual criteria. Instead, each
study was assessed using the 2 screening questions and the
5 design-specific MMAT criteria, with judgments reported as
“Yes,” “No,” or “Can’t tell” in Tables S3-S5 in Multimedia
Appendix 1. These criterion-level judgments were not used
to exclude studies or guide thematic coding. Rather, they
informed the interpretation of the methodological strengths
and limitations of the included evidence, as discussed in
the Contributions and Limitations section. Detailed item-
level MMAT assessments for each included study, based
on criteria such as clarity of research questions, appropriate-
ness of collected data, sampling strategy, representativeness,
measurement validity, risk of bias, and statistical analysis, are
presented in Tables S3-S5 in Multimedia Appendix 1.

Results
Overview
This review presents the frequency of the records, in
accordance with PRISMA guidelines (Figure 2), for each
stage of the study classification process. The review yielded
a final sample of 69 articles published across 37 journals
that met the study’s inclusion criteria. The quartile 1 (Q1)
or quartile 2 (Q2) journal criterion was applied during
title and abstract screening and checked again at full-text
assessment as an additional eligibility check. The 4 studies
excluded based on journal-quartile eligibility shown in Figure
2 represent only those identified at full-text assessment,
rather than the total number excluded based on this criterion
throughout the screening process.

Figure 2. Literature search and selection process using the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)
guidelines.
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AI Adoption and Adaptations in Medical
Imaging
Table 1 summarizes the literature on workforce perceptions
and attitudes toward AI adoption and postadoption behaviors
in clinical imaging. Forty-one articles identified perceived
benefits as a key antecedent of AI radiology adoption (41/69,
59%) [3,14,15,18,19,27-62]. A significant proportion of the
studies (28/69, 41%) [11,18,19,28,31,32,34-36,38,42,48-61,
63-65] centered on “trust” in the integration of AI into clinical
practice.

Twenty-six empirical studies (26/69, 38%) [3,8,11,
15,18,19,32,35,41-47,49,50,52,55-59,61,66,67] assessed the
workforce’s explicit perceptions, enthusiasm, optimism, and
willingness to adopt AI in clinical practice, focusing on
how AI can support them, for example, by reducing scan
times, improving diagnostic accuracy, and easing their
workload. Collectively, the authors of these studies empha-
sized that the medical imaging workforce enthusiastically
adopted AI-embedded systems, with curiosity and acknowl-
edgment of their potential to support their work. A sim-
ilar number of articles (26/69, 38%) [3,11,18,19,27,28,31-
33,36,41,47-50,52,54-56,58,59,61,62,64,65,67] reported that
radiologists’ perceptions of autonomy (ie, job control) were
associated with AI-assisted clinical outcomes, especially
regarding the desire to retain authority over diagnostic
decisions and interpretations of AI outputs. Twenty-five
articles (25/69, 36%) [3,8,18,19,28,34,35,41,43-52,55,56,58,
59,61,66,67] described workforce concerns that AI imple-
mentations could negatively affect their professional roles,
expertise, and identity. These concerns centered on radiolo-
gists’ deskilling, loss of autonomy, erosion of professional
reputation, and uncertainty about future career prospects.
Finally, 13 studies (13/69, 19%) [18,19,35,42,43,45,48,49,51,
52,55,58,65] discussed adaptation and readiness to change,
willingness to engage with technological advancements, and
integration of AI into clinical practice. Overall, the authors
highlighted several factors that were associated with AI
adaptations in medical imaging, including a positive attitude
toward learning and acquiring new knowledge and skills,
recognition of ongoing role changes, perceived readiness, and
the role of organizational and peer support for the AI system.

JMIR AI Brough et al

https://ai.jmir.org/2026/1/e101944 JMIR AI 2026 | vol. 5 | e101944 | p. 6
(page number not for citation purposes)

https://ai.jmir.org/2026/1/e101944


Ta
ble

 1.
 T

he
ma

tic
 an

aly
sis

 of
 w

ork
for

ce
 pe

rce
pti

on
s a

nd
 at

titu
de

s t
ow

ard
 A

I a
do

pti
on

 an
d a

da
pta

tio
ns

 in
 m

ed
ica

l im
ag

ing
.

W
ork

for
ce

 pe
rce

pti
on

an
d a

ttit
ud

es 
ca

teg
ory

Th
em

ati
c d

esc
rip

tio
n

Stu
dy

fre
qu

en
cy

 (n
)

Stu
dy

co
ve

rag
e (

%)
a

Re
pre

sen
tat

ive
 lit

era
tur

e
Pe

rce
ive

d b
en

efi
ts

•
Th

e s
ub

the
me

 fo
cu

ses
 on

 th
e p

erc
eiv

ed
 ad

va
nta

ge
s a

nd
 va

lue
 of

 A
I i

n r
ad

iol
og

y
an

d r
ela

ted
 im

ag
ing

 pr
ac

tic
es.

 It
 en

co
mp

ass
es 

im
pro

ve
me

nts
 in

 di
ag

no
sti

c a
cc

ura
cy

,
wo

rkf
low

 ef
fic

ien
cy

, w
ork

loa
d r

ed
uc

tio
n, 

cli
nic

al 
de

cis
ion

 su
pp

ort
, a

nd
 th

e o
ve

ral
l

en
ha

nc
em

en
t o

f p
rof

ess
ion

al 
pe

rfo
rm

an
ce

.

41
59

[3,
14

,15
,18

,19
,27

-62
]

Tr
us

t
•

Tr
us

t r
efl

ec
ted

 in
 th

e i
nc

lud
ed

 st
ud

ies
 as

 th
e d

eg
ree

 of
 co

nfi
de

nc
e s

tak
eh

old
ers

(eg
, ra

dio
log

ist
s, 

rad
iog

rap
he

rs,
 an

d c
lin

ici
an

s) 
pla

ce
 in

 A
I s

ys
tem

s’ 
dia

gn
os

tic
 an

d
de

cis
ion

-m
ak

ing
 ou

tpu
ts.

•
It 

is 
rep

ort
ed

 qu
an

tita
tiv

ely
 (e

g, 
pe

rce
nta

ge
s e

xp
res

sin
g t

rus
t, d

ist
rus

t, o
r n

eu
tra

lity
)

an
d q

ua
lita

tiv
ely

 (p
ers

on
al 

sta
tem

en
ts 

of 
co

nfi
de

nc
e o

r d
ou

bt)
.

•
Th

e s
tud

ies
 lin

k t
rus

t to
 fa

cto
rs 

su
ch

 as
 pe

rce
ive

d a
cc

ura
cy

, tr
an

sp
are

nc
y,

ev
ide

nc
e-b

ase
d v

ali
da

tio
n, 

ex
pla

ina
bil

ity
, a

nd
 th

e r
isk

 of
 ov

err
eli

an
ce

 or
 au

tom
ati

on
bia

s. 
Tr

us
t (

or 
the

 la
ck

 th
ere

of)
 is

 de
scr

ibe
d a

s d
ire

ctl
y i

nfl
ue

nc
ing

 us
ers

’ i
nte

nti
on

to 
ad

op
t, r

ely
 on

, o
r r

eje
ct 

AI
 in

 cl
ini

ca
l p

rac
tic

e.

28
41

[11
,18

,19
,28

,31
,32

,34
-36

,38
,42

,48
-61

,63
-65

]

At
titu

de
 an

d i
nte

nti
on

tow
ard

 A
I a

do
pti

on
an

d u
se

•
Th

e s
ub

the
me

 ca
ptu

res
 he

alt
h c

are
 w

ork
for

ce
s’ 

ex
pli

cit
 pe

rce
pti

on
s, 

en
thu

sia
sm

,
op

tim
ism

, a
nd

 w
illi

ng
ne

ss 
to 

im
ple

me
nt 

AI
 in

 cl
ini

ca
l p

rac
tic

e. 
Ac

ros
s t

he
 re

vie
we

d
stu

die
s, 

pa
rti

cip
an

ts 
ge

ne
ral

ly 
ex

pre
sse

d p
os

itiv
e a

ttit
ud

es 
tow

ard
 A

I a
nd

 in
ten

tio
ns

to 
us

e i
t, i

nc
lud

ing
 ex

cit
em

en
t, c

uri
os

ity
, a

nd
 re

co
gn

itio
n o

f i
ts 

po
ten

tia
l to

 su
pp

ort
or 

co
mp

lem
en

t th
eir

 w
ork

.

26
38

[3,
8,1

1,1
5,1

8,1
9,3

2,3
5,4

1-4
7,4

9,5
0,5

2,5
5-5

9,6
1,6

6,6
7]

Au
ton

om
y a

nd
 co

ntr
ol

•
Au

ton
om

y a
nd

 co
ntr

ol 
ref

er 
to 

the
 de

gre
e t

o w
hic

h h
ea

lth
 ca

re 
wo

rkf
orc

es,
pa

rti
cu

lar
ly 

rad
iol

og
ist

s a
nd

 ra
dio

gra
ph

ers
, re

tai
n a

uth
ori

ty 
ov

er 
dia

gn
os

tic
 de

cis
ion

s
an

d t
he

 in
ter

pre
tat

ion
 of

 A
I o

utp
uts

. T
his

 in
clu

de
s m

ain
tai

nin
g o

ve
rsi

gh
t o

f A
I

rec
om

me
nd

ati
on

s, 
the

 ab
ilit

y t
o m

od
ify

 or
 re

jec
t A

I-g
en

era
ted

 re
su

lts
, a

nd
 en

su
rin

g
ac

co
un

tab
ilit

y f
or 

pa
tie

nt 
ca

re 
ou

tco
me

s.
•

Th
e s

ub
the

me
 al

so
 co

ve
rs 

pe
rce

pti
on

s o
f A

I a
s a

n a
dju

nc
t r

ath
er 

tha
n a

rep
lac

em
en

t w
ith

 pr
ofe

ssi
on

al 
de

cis
ion

-m
ak

ing
 au

ton
om

y a
nd

 re
sp

on
sib

ilit
y c

en
tra

l
to 

saf
eg

ua
rdi

ng
 ac

cu
rac

y, 
pa

tie
nt 

saf
ety

, a
nd

 le
ga

l o
r e

thi
ca

l s
tan

da
rds

.

26
38

[3,
11

,18
,19

,27
,28

,31
-33

,36
,41

,47
-50

,52
,54

-56
,58

,59
,61

,62
,64

,65
,

67
]

Pe
rce

ive
d t

hre
at 

to
pro

fes
sio

na
l r

ole
 an

d
ide

nti
ty

•
Th

e s
ub

the
me

 re
fle

cts
 he

alt
h c

are
 w

ork
for

ce
s’ 

co
nc

ern
s t

ha
t A

I i
mp

lem
en

tat
ion

 m
ay

ne
ga

tiv
ely

 im
pa

ct 
asp

ec
ts 

of 
the

ir 
pro

fes
sio

na
l r

ole
s, 

ex
pe

rti
se,

 an
d i

de
nti

ty.
•

It 
inc

lud
es 

fea
rs 

of 
job

 di
sp

lac
em

en
t, r

ed
uc

ed
 de

ma
nd

, d
esk

illi
ng

, lo
ss 

of 
au

ton
om

y,
an

d e
ros

ion
 of

 pr
ofe

ssi
on

al 
rep

uta
tio

n, 
as 

we
ll a

s u
nc

ert
ain

ty 
ab

ou
t f

utu
re 

ca
ree

r
pro

sp
ec

ts.
 T

he
se 

thr
ea

ts 
are

 ex
pre

sse
d a

cro
ss 

bo
th 

rad
iol

og
ist

s a
nd

 ra
dio

gra
ph

ers
wi

th 
va

ria
tio

n a
cc

ord
ing

 to
 ex

pe
rie

nc
e, 

AI
 kn

ow
led

ge
, a

nd
 tr

ain
ing

.

25
36

[3,
8,1

8,1
9,2

8,3
4,3

5,4
1,4

3-5
2,5

5,5
6,5

8,5
9,6

1,6
6,6

7]

Re
ad

ine
ss 

to 
ch

an
ge

an
d a

da
pta

tio
n

•
Th

e s
ub

the
me

 re
fer

s t
o h

ea
lth

 ca
re 

wo
rkf

orc
es’

 ex
pli

cit
 ac

kn
ow

led
gm

en
t o

f
ev

olv
ing

 pr
ofe

ssi
on

al 
rol

es,
 w

illi
ng

ne
ss 

to 
en

ga
ge

 w
ith

 te
ch

no
log

ica
l c

ha
ng

e, 
an

d
to 

inc
orp

ora
te 

AI
 in

to 
pra

cti
ce

. T
his

 in
clu

de
s p

os
itiv

e a
ttit

ud
es 

tow
ard

 le
arn

ing
ne

w 
sk

ills
, re

co
gn

itio
n o

f o
ng

oin
g r

ole
 ev

olu
tio

n, 
pe

rce
ive

d p
rep

are
dn

ess
, a

nd
 th

e
inf

lue
nc

e o
f o

rga
niz

ati
on

al 
or 

pe
er 

su
pp

ort
 on

 ad
ap

tin
g t

o n
ew

 te
ch

no
log

ies
.

13
19

[18
,19

,35
,42

,43
,45

,48
,49

,51
,52

,55
,58

,65
]

 

JMIR AI Brough et al

https://ai.jmir.org/2026/1/e101944 JMIR AI 2026 | vol. 5 | e101944 | p. 7
(page number not for citation purposes)

https://ai.jmir.org/2026/1/e101944


  W
ork

for
ce

 pe
rce

pti
on

an
d a

ttit
ud

es 
ca

teg
ory

Th
em

ati
c d

esc
rip

tio
n

Stu
dy

fre
qu

en
cy

 (n
)

Stu
dy

co
ve

rag
e (

%)
a

Re
pre

sen
tat

ive
 lit

era
tur

e
•

Th
e s

ub
the

me
 al

so
 ca

ptu
res

 re
po

rte
d b

arr
ier

s s
uc

h a
s r

esi
sta

nc
e, 

wi
thd

raw
al,

 or
lim

ite
d c

on
fid

en
ce

.
a T

he
 pe

rce
nta

ge
s a

re 
ca

lcu
lat

ed
 ba

sed
 on

 th
e i

nc
lud

ed
 ar

tic
les

 (N
=6

9).
 A

pp
rox

im
ate

ly 
30

% 
of 

the
 st

ud
ies

 (n
=2

1) 
did

 no
t in

ve
sti

ga
te 

thi
s t

he
me

 an
d i

ns
tea

d f
oc

us
ed

 on
 hu

ma
n r

eso
urc

e a
nd

 w
ork

for
ce

su
sta

ina
bil

ity
.

JMIR AI Brough et al

https://ai.jmir.org/2026/1/e101944 JMIR AI 2026 | vol. 5 | e101944 | p. 8
(page number not for citation purposes)

https://ai.jmir.org/2026/1/e101944


Workforce Sustainability in AI Adoption
and Adaptation
Moving beyond AI as a mere diagnostic tool, it is also
important to evaluate how this advanced technology supports
the development of a sustainable medical imaging workforce.
Evidence from the descriptive characteristics and thematic
analysis (Table 2) identified 37 studies (37/69, 54%) where
AI-assisted systems were associated with shorter radiologic
reporting and reading times, while also being associated
with higher detection of true-positive cases and accuracy of
lesion identification [14,18,27-39,63,64,68-87]. For example,
the professional-interaction evidence in reader studies [68,
69,84] involved radiologists interpreting imaging cases with
AI assistance and using AI-generated predictions, scores,
or visual guidance to inform or reconsider their diagnostic
decisions.

An additional number of 27 studies (27/69, 39%)
corroborated the need for educational activities, programs,
and resources to help medical imaging workforces adapt
to and acquire new knowledge and skills for the use of
AI [3,8,11,15,18,19,33,40-56,65-67]. The authors identified
the significant lack of curricula, mentorship, and access to
courses as direct impediments to a sustainable workplace.
Thirteen studies (13/69, 19%) [15,19,33,34,36,46,48-52,54,
57] also recognized that sustainable workforce development
within clinical workflows relies on supportive organizational
policies and guidelines, as well as regulatory compliance
practices. These studies highlighted examples of unclear
regulatory standards and ethical guidelines, which raised
skepticism and created resistance among medical imaging
workforces concerning the use of AI-assisted systems. A
total of 11 articles (11/69, 16%) [11,15,19,33,34,40,45,48,
50,57,70] examined mental health and work strain among
medical imaging workforces, including reduced psychologi-
cal well-being, and reported experiences of stress, burnout,
anxiety, fatigue, and cognitive strain. In contrast, several
articles reported that AI-embedded systems were associated
with lower perceived mental strain and radiologists’ anxiety,
alongside support for informed decision-making and lower
repetitive task burdens; although these impacts were reduced
in situations of high workloads and low AI acceptance [11,15,
19,33,34,40,45,48,50,57,70].

Furthermore, 5 studies (5/69, 7%) [11,18,19,33,47]
reported medical imaging workforces’ optimism toward AI
integration, that is, improved diagnostic efficiency, more
informed interactions with patients, and access to adequate
technical support resources. However, these authors also
note that employees’ levels of job satisfaction could decline
when medical imaging workforces have limited knowledge
or negative attitudes toward AI adoption. Similarly, 3 articles
(3/69, 4%) [19,28,57] highlighted the significance of medical
imaging workforces’ perceptions of work engagement and
acknowledged the perceived functional, social, emotional,
and cognitive value of AI use, along with opportunities for
learning and collaboration. In addition, their active engage-
ment with AI-assisted systems and related tasks, includ-
ing attention to system use and proactive participation in

AI-related training, was reported alongside greater adaptation
to AI-assisted system changes, and was discussed in relation
to workforce sustainability [19,28,57].

The limited number of studies addressing these outcomes
indicates that the workforce-sustainability evidence base
remains underdeveloped. These themes therefore represent
the sustainability-related outcomes identified in the availa-
ble literature rather than a comprehensive specification of
workforce sustainability.
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Descriptive Characteristics of the
Reviewed Studies
The descriptive characteristics of the reviewed studies are
summarized in Table S2 in Multimedia Appendix 1. The
temporal distribution of the reviewed studies indicates an
increasing academic interest in adopting AI within medical
imaging, with published studies ranging from just 2 in 2020
(2.90%) [47,61] to 21 articles published in 2024 (30.43%) and
18 articles published in 2025 (26.09%).

The reviewed studies were concentrated in Asia, the
United States, and Europe. Notably, a large number of studies
originated from China (n=14, 20.28%), followed by multina-
tional studies (n=10, 14.49%), the United States (n=7, 10%),
and Germany (n=7, 10.14%). Fewer studies originated from
the United Kingdom, Europe, South Korea, and Saudi Arabia,
and several articles were published in multiple countries.

It is also apparent that the reviewed studies primarily used
quantitative research designs (n=51, 73.91%), followed by
a small number of mixed-method studies (n=12, 17.39%)
and only 6 qualitative studies (8.70%). The reviewed studies
included diverse participant groups, including radiologists,
radiographers, medical students, and mixed groups. General
radiology accounted for the largest percentage of these
reviewed studies (n=16, 23.18%), followed by breast imaging
(n=13, 18.84%), neuroradiology (n=10, 14.49%), and chest
and thoracic radiology (n=8, 11.59%). Most of these articles
assessed AI systems based on MRI (n=11, 15.94%), CT
(n=10, 14.49%), and X-rays (n=9, 13.04%), or on a combina-
tion of these modalities.

The organizational and information systems theories
used to examine medical imaging workforce attitudes and
behaviors toward AI adoption, adaptation, and organization
are classified in Table S2 in Multimedia Appendix 1.
However, only 10% of the reviewed studies (n=7) explic-
itly applied a theoretical framework. The cited theories
included the TAM [88], Theory of Diffusion of Innova-
tion [89], Nonadoption, Abandonment, Scale-up, Spread,
and Sustainability (NASSS) framework [90], the model of
workflow integration based on the SEIPS (Systems Engineer-
ing Initiative for Patient Safety) model [91], Consumption
values theory [92], Involvement theory [93], Identity Work
theory [94], and Job Crafting theory [95]. The majority of
included articles (n=59; 85.50%) did not empirically apply
any theoretical framework in their research design or analysis.
A total of 69.57% (n=48) of the reviewed studies explicitly
investigated workforces’ attitudes and behaviors toward the
AI adoption they were experiencing, although nearly all the
reviewed studies claimed to be assessing workforce sustaina-
bility (n=66, 95.65%).

Discussion
Principal Findings
The findings of this review highlight that published research
on AI implementation in radiology departments has pre-
dominantly focused on perceptions of AI adoption, rather

than the consequences of AI adaptation and workforce
sustainability outcomes. This reveals an obvious research
imbalance, with a current predominant focus on AI inte-
gration into workflows as an initial acceptance decision
rather than on the longer-term evaluation of the organiza-
tional adjustment process and patient outcomes. Specifically,
organizational postadoption adaptation processes, including
AI radiology workflow integrations, radiologists’ AI coping
strategies, professional training, and skill development, are
significantly underexamined. Furthermore, limited empirical
evidence links the theoretical constructs of medical imaging
AI adoption and adaptation with workforce sustainability
outcomes, a significant current research oversight.

The findings of this review were synthesized into a
conceptual model of AI adoption-adaptation for workforce
sustainability in medical imaging (Figure 1). The 3 main
components of this model are discussed below and are
suggested as the key components for future research to
examine to produce improved evidence relating to the
sustainability of the medical imaging workforce during
the introduction of AI systems. Throughout this discus-
sion, findings reported by included studies are presented
with supporting citations, while broader interpretations and
propositions offered by the review authors, extending beyond
what individual studies report, are flagged using interpretive
language (eg, “we argue,” “we posit,” “this suggests”).

This framework is presented as a hypothesis-generating
conceptual model derived from thematic synthesis, rather
than a tested or validated causal pathway. The relation-
ships depicted have not been empirically tested within or
across the included studies and should be treated as prop-
ositions for future research rather than confirmed sequen-
ces. More specifically, the 3 groups shown in Figure 1
are conceptually linked through an interdependent process
as denoted by the double-headed arrows. We categorized
the themes as AI Adoption factors, such as technological
perceptions (eg, perceived benefits), cognitive evaluations
(eg, trust and attitudes), and professional considerations (eg,
autonomy, identity, and readiness to change), which were
discussed in relation to initial engagement with AI systems.
These adoption-related themes were conceptually considered
alongside postadoption adaptation factors, including training
and skill development, work strain, and policy and compli-
ance, as well as immediate task-level performance during
AI-assisted practice. Immediate task-level performance was
treated as a distinct short-term outcome and not as direct
evidence of longer-term workforce adaptation or sustaina-
bility. In turn, these adaptation processes were conceptu-
ally considered alongside workforce sustainability-related
outcomes identified in the reviewed literature, namely work
engagement and job satisfaction. These conceptual relation-
ships should not be interpreted as empirically established
directional or causal effects. Rather, the groupings reflect an
interpretive synthesis of themes identified across the literature
and are not relationships inferred from thematic frequencies.
Although the included studies have examined the factors of
these 3 dimensions, their interrelationships across adoption,
adaptation, and sustainability have not been empirically
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tested, highlighting a critical knowledge gap in the current
literature. Thus, we conceptualize their interrelationships as
part of a unified process of AI adoption, adaptation, and
sustainability in real-world clinical imaging environments for
future research.
AI Adoption in Medical Imaging
We identified 6 key factors related to AI adoption in
medical imaging: perceived benefits, trust, readiness to
change, autonomy, perceived threat to professional identity,
and attitudes toward AI adoption and use. Issues concern-
ing medical imaging workforces’ degree of trust, professio-
nal identity threat, and autonomy were assessed in 41%
(n=28), 36% (n=25), and 38% (n=26) of the 69 reviewed
articles, respectively, indicating that these concerns are
recurrent themes in the literature. This is balanced by the
research respondents in these reviewed studies who did
express excitement and curiosity about medical imaging AI
introduction. Across the reviewed studies, positive attitudes
toward AI’s potential were reported alongside concerns about
its implementation, suggesting a pattern of cautious opti-
mism within the available evidence [8]. Importantly, several
reviewed studies reported limited fear of job displacement,
while concerns were more often framed around nontechni-
cal aspects of AI adoption. The evidence from the findings
reinforces the position that social and professional factors
may shape AI adoption alongside perceptions of its techni-
cal value. The limited discussions and lack of evolution of
organizational policies concerning AI usage, ethical concerns,
and job fears serve to hinder the adoption of this technol-
ogy. Thus, the reviewed studies reported favorable percep-
tions of AI adoption alongside persistent social, professional,
organizational, and governance concerns that may shape
adoption.

Surprisingly, a large portion of the reviewed studies
are not explicitly informed by any theoretical explanation.
This, we suggest, is imperative to produce evidence-based
conclusions about medical imaging workforces’ acceptance,
willingness, and trust in AI systems. Given the complex
and advanced technology offered by AI systems in medi-
cal imaging, it is essential that medical imaging workfor-
ces’ acceptance or rejection behaviors should be thoroughly
examined within validated theoretical frameworks. For
instance, future research can be informed by the integra-
tion of IT Adaptation theory [5] and the coping model of
user adaptation (CMUA) [7] to examine AI adoption-adapta-
tion for workforce sustainability. Researchers also strongly
recommend future studies to empirically validate theories of
AI acceptance and trust in medical imaging. This validation
will advance our understanding of how AI adoption translates
into adaptation behaviors and long-term workforce sustaina-
bility.
Postadoption Adaptation of AI in Medical
Imaging
The evidence emerging from this literature review also
identified 4 adaptation patterns important for long-term
workforce sustainability: training and skills development, task

performance during AI-assisted practice, mental health and
occupational stress, and policy and compliance. Although
AI-assisted systems were examined across multiple studies,
radiologists’ cognitive, behavioral, and workflow adjust-
ments to these technologies were less frequently assessed,
a reflection of minimal discourse in the medical imaging
space. The disproportionate lack of attention to “readiness to
change and adaptation” within the existing literature suggests
a weighting of technical aspects over the humane. We argue
that adaptations to a new technology require more than initial
acceptance but also require sustained learning and a reinter-
pretation of professional identity.

For example, Bhattacherjee and Harris [5] discussed how
successful technology adaptations can be measured using 3
antecedents of adaptation: usefulness, ease of adaptation, and
IT adaptability. This theoretical lens can be translated into
the context of AI and medical imaging. Successful adapta-
tions involve employees’ knowledge and skill development,
performance improvements, assessments of mental health and
work strain, and favorable policy implementation. Addition-
ally, it is apparent that the workforce with AI training
typically perceived AI systems as personally useful work
tools, compared to employees with no AI training, who had a
greater fear of AI replacement and thus lower acceptance of
this adoption [44].

Knowledge and skill development emerged as an
important theme in the context of AI adaptation in medi-
cal imaging. The reviewed literature indicated that some
medical imaging workforces feared that AI implementation
would lead to their job displacement, deskilling, and loss
of professional identity [51]. More specifically, any fear
of incompetence was overshadowed by radiologists’ fears
of personal liability and AI arbitrations [67]. However,
some studies showed that an AI-integrated system achieved
improved results (specifically higher sensitivity) compared to
a combined human-and-AI-based reading [72]. This review
explains the lack of direct connection between adoption and
adaptation behaviors, despite optimism about AI complemen-
tation. We posit that a slower rate of adaptation to AI in
medical imaging workflows may be associated not only with
job insecurity but also with fears about ethical standards and
authority over AI outcomes.

Finally, “readiness to change” is also rarely assessed
within the current literature, being included in only 19%
(n=13) of the reviewed studies. Thus, while the reviewed
studies reported both AI availability and trust-related
findings, evidence concerning the organizational conditions
needed to support longer-term adaptation remains limited.
For example, the reviewed studies identified common barriers
to AI-systems learning as being a lack of mentorship,
time, funding, AI ethics education, privacy safeguards,
and transparent algorithms [41,42]. These barriers may
become more salient as the technical landscape of medi-
cal AI becomes increasingly heterogeneous and complex.
Recent technical developments include multicenter learn-
ing approaches addressing data heterogeneity, generaliza-
tion, and model interpretability across clinical settings [96],
multimodal systems integrating clinical images, dermoscopic
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images, and textual information [97], and time-frequency
and multiscale modeling for electrical impedance tomogra-
phy (EIT)-based pulmonary disease diagnosis [98]. Although
these technically oriented studies do not examine workforce
adaptation or sustainability, they illustrate the increasing
diversity and technical complexity of AI-enabled clinical
systems and provide complementary context for considering
how workforce training, interpretability, and adaptation may
need to be examined across different clinical environments.
This context is consistent with workforce concerns identified
in the reviewed literature, including the ability to override
AI decisions, explain opaque model outputs, and maintain
their responsibility for patient outcomes. These systemic gaps
in AI governance and clinical protocols create an epistemic
environment unsuitable for meaningful organizational change
processes.
Workforce Sustainability in Medical
Imaging
A key aim of this review was to assess how the adoption of
AI medical imaging systems can support workforce sustain-
ability. It is apparent that organizational processes which
encourage critical evaluations of AI systems (eg, visibility
of system confidence levels), perceived functional, social,
emotional, and cognitive value of AI use, and opportunities
for learning and collaboration were all discussed in relation
to a sustainable clinical workforce [19,28,57]. Unsustaina-
ble legal and ethical standards, lack of training and educa-
tional infrastructure are associated with concerns regarding
the vulnerability of the medical imaging workforce. Further-
more, the reviewed studies provided limited discussion of
employees’ mental health, work engagement, job satisfaction,
and skill development, which are each also associated with
successful technology adaptation and its long-term sustaina-
bility.

The review results also revealed that few studies exam-
ined psychological burnout and deskilling anxiety [11,15,
19,33,34,40,45,48,50,57,70], which can be correlated with
lower acceptance and poor adaptation. These factors were
identified as potential barriers relevant to adaptation and
workforce sustainability. Such concepts (eg, deskilling) and
their relationships with adaptation and workforce sustain-
ability need further investigation. Deskilling anxiety and
technostress may emerge as medical imaging departments
plan to implement AI, particularly when professionals are
concerned that its use could reduce the value of their
existing skills, contribute to skill erosion, or affect their
future career prospects. Examining these concerns may offer
insight into their implications for workforce sustainability.
Further research, particularly through in-depth qualitative or
ethnographic approaches, could explore how medical imaging
professionals experience, interpret, and respond to deskilling
anxiety, technostress, and skill erosion as AI is introduced
into practice.

We recommend that successful AI adaptation and the
sustainability of an AI-equipped workforce require struc-
tured training, mentorship, and institutional support. Clear
organizational AI policies and procedures can support the

acceptance of AI-enabled medical imaging systems as part of
routine radiographic practice and encourage their responsible
use.
Contributions and Limitations
This review assessed published empirical evidence concern-
ing employees’ attitudes and perceptions of AI adoption,
adaptation behaviors, and overall workforce sustainability,
and offers 3 key considerations for future research. First, the
findings offer a richer understanding of radiologic work-
force perceptions and attitudes toward AI adoption and its
conceptual links with adaptation behaviors and radiologic
workflow. The findings provide valuable insights for health
informatics, digital innovation, and behavioral researchers
to understand the sustainable impact of AI systems on the
medical imaging workforce. Second, this research found that
the theoretical basis was not reported in the majority of
published studies, a gap that requires immediate scholarly
attention in future research.

Finally, this research proposed a unified conceptual
framework (Figure 1) that offers an inclusive guideline
and explanatory structure for understanding AI adoption
and adaptation for medical imaging workforce sustainability.
Without clear organizational policies and procedures, AI will
remain an external imposition rather than an accepted facet
of radiologic practice. This article provides a solid founda-
tion for future research on radiologic workforce acceptance,
easier AI adaptation strategies, and the sustainability of an
AI-equipped workforce. Additionally, this review provides
actionable insights for clinicians, stakeholders, and policy-
makers by identifying adaptation mechanisms that inform
organizational strategies and policy development.

These findings have been interpreted with some limita-
tions that suggest directions for future investigation. The
included studies were also heterogeneous in design, popu-
lation, and geographic setting, which limits direct compara-
bility across findings. Relatedly, the criterion-level MMAT
appraisal showed variation across specific methodological
domains in the included studies. Few concerns were identified
at the criterion level among the qualitative studies. In the
quantitative studies, concerns centered mainly on sample
representativeness and nonresponse bias. For mixed methods
studies, variation was more apparent in the rationale for
using a mixed methods design and in whether the individ-
ual components met the quality criteria associated with
their respective methodological traditions. These criterion-
level findings were used to contextualize the methodologi-
cal strengths and limitations of the evidence base and were
not used to weight or reclassify the thematic findings. No
studies were excluded on the basis of the MMAT appraisal.
Additionally, the thematic synthesis involved some researcher
interpretation, with the initial coding conducted by one
member of the review team (JP) before subsequent confirma-
tory review of the study-to-theme coding by another team
member (KMZ). Meta-analysis was not conducted due to
substantial heterogeneity in study designs, data types, and
outcomes. An important direction for future research is to
empirically test the proposed conceptual model (Figure 1)
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using quantitative methods (eg, structural equation modeling),
to validate the hypothesized pathways between AI adoption,
adaptation, and workforce sustainability.

A related methodological constraint concerns the scope
of the literature searched. First, the review was restricted
to English-language, peer-reviewed publications in Q1 and
Q2 journals [99-101]. The journal-quartile criterion was
established as an eligibility boundary and applied from the
title and abstract screening stage, rather than being introduced
at full-text assessment. The criterion defined the journal
scope of the review and was not intended as a proxy
for individual study quality. We acknowledge that journal
quartile reflects journal-level citation standing rather than
the methodological quality of individual studies; accordingly,
study quality was assessed separately using the MMAT.
The Q1 or Q2 restriction may nevertheless have excluded
relevant evidence from lower-quartile or unranked journals
and therefore represents a limitation on the comprehensive-
ness of this review. Consistent with Castañer and Oliveira
[102], we frame this restriction as a boundary condition on
our findings, which provides a conservative evidence base
and may exclude relevant studies published in lower-quar-
tile or nonindexed journals, potentially limiting the compre-
hensiveness of the review. We therefore recommend that
future reviews without this constraint be conducted to verify
whether excluded lower-quartile studies alter the thematic
patterns identified here. This review was also not regis-
tered on PROSPERO (International Prospective Register of
Systematic Reviews) or any other systematic review registry
prior to conduct; we acknowledge this as a limitation of
methodological transparency, and note that future reviews
in this area would benefit from prospective registration.
Second, the research also adhered to the selected timeframe
of January 2020-September 2025, which may overlook data
from earlier years. Third, this research only assessed AI
adoption and adaptation and their impact on a sustaina-
ble AI-equipped medical imaging workforce. Future studies
could also assess how the current evidence can be general-
ized to other AI-assisted systems and practitioners. Addi-
tionally, as this review’s thematic synthesis was inductive,
workforce sustainability dimensions were derived from the
included literature rather than being predetermined. Given
that job satisfaction and work engagement were represented
by relatively few studies, this component of the framework
should be interpreted as a preliminary representation of

the sustainability-related evidence available in the reviewed
literature, rather than a comprehensive conceptualization of
workforce sustainability. This limited evidence base is also
reflected in the absence of distinct outcomes relating to
retention and professional resilience. A promising avenue for
future research is to theorize how AI-enabled work rede-
sign shapes retention and professional resilience, including
the organizational mechanisms and boundary conditions
underpinning workforce sustainability.
Conclusion
Despite an emerging trend toward widespread AI imple-
mentation in medical imaging, the research field remains
relatively immature. The interrelationships among AI
adoption, postadoption adaptation, and workforce sustainabil-
ity are increasingly apparent yet remain poorly understood, as
evidenced by the 6 adoption factors and 4 adaptation themes
identified in this review, which have not yet been empiri-
cally tested as an integrated pathway. These findings suggest
a need for health services to consider not only the adop-
tion of AI medical imaging systems, but also the organi-
zational conditions that support sustainable AI use among
medical imaging workforces. Several studies acknowledged
the key dimensions of AI adoption in radiology, including
perceived benefit, trust, and attitudes toward AI adoption;
however, these constructs have rarely been conceptualized
within broader postadoption workforce adaptation processes,
indicating a significant research gap in the literature.

This review contributes a conceptual framework that
organizes the themes relating to adoption, adaptation
behaviors, and workforce sustainability reported in the
included literature, intended as a basis for future empirical
testing. The review findings show that AI adoption has
been examined extensively in terms of perceived benefits,
trust, attitudes, and professional concerns, while evidence on
postadoption adaptation and longer-term workforce sustaina-
bility remains comparatively limited. Thus, this imbalance
leaves limited evidence on the organizational processes
needed to protect radiologists’ professional interests, support
well-being, and facilitate skills development during longer-
term AI adaptation. This review offers a conceptual starting
point for future research and organizational practice seeking
to better understand and support workforce adaptation to AI
in medical imaging.
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