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Abstract
Background: AI is increasingly being integrated into health care, making it important to understand stakeholder preferences
for AI-enabled technologies. Although discrete choice experiments (DCEs) are widely used to elicit preferences, evidence
on preference attributes, willingness to pay (WTP), and reporting quality in AI-related DCEs has not been systematically
synthesized.
Objective: This systematic review aims to synthesize stakeholder preferences for AI-enabled health care technologies elicited
through DCEs and assess reporting quality using the DIRECT (DIscrete choice experiment REporting ChecklisT). The goal
is to identify key preference attributes and methodological gaps to guide the development of AI technologies aligned with
real-world needs.
Methods: This systematic review was conducted in accordance with PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guidelines. We systematically searched PubMed, Embase, Web of Science, Scopus, the
Cochrane Library, and the International Health Technology Assessment (HTA) Database from database inception to March
2026. We included studies reporting original DCE data on AI-enabled health care technologies. Study characteristics,
including experimental design features and econometric modeling approaches, were extracted and summarized descriptively.
Attributes were systematically categorized using a structured framework informed by established HTA taxonomies. Stake-
holder preference evidence was synthesized narratively. In addition, DCE design characteristics, preference outcomes, WTP
estimates, and reporting quality indicators were extracted and synthesized. Reporting completeness was assessed using the
DIRECT checklist.
Results: Twenty-seven studies (28 DCEs) involving patients, clinicians, and the public were included, covering AI applica-
tions in diagnosis, screening, treatment, disease management, and decision support. Across the included studies, a total of 163
attributes were identified across 5 domains, and preference outcomes were synthesized at the level of 30 application contexts.
Usability domain attributes were most frequently included, accounting for 36.81% (60/163) of all attributes, with presentation
format being the most frequently reported usability attribute (27/60, 45.00%), but it was often rated least important (9/30,
30.00%). In contrast, performance attributes, especially effectiveness (17/30, 56.67%), were most often ranked as most
important. Preference heterogeneity varied by context, with performance attributes dominating in clinical applications and
usability attributes being more prominent in decision support. Conditional and mixed logit models were commonly used, while
scale heterogeneity was rarely explored. Average reporting completeness was high (mean 84.47%, SD 11.49%), although
design effects (10/27, 37.04%) and randomization (14/27, 51.85%) were inconsistently reported.
Conclusions: DCE evidence suggests a mismatch between commonly included attributes and stakeholder priorities. Effec-
tiveness is generally a key determinant of preferences, although preference structures are context dependent. Usability and
performance attributes vary in importance across AI applications. Although overall reporting completeness was high, design

JOURNAL OF MEDICAL INTERNET RESEARCH Zhang et al

https://www.jmir.org/2026/1/e103197 J Med Internet Res 2026 | vol. 28 | e103197 | p. 1
(page number not for citation purposes)

https://www.jmir.org/2026/1/e103197


effects and randomization were inconsistently reported. These findings highlight the need to align attribute selection with
decision contexts and improve transparency in study design and reporting, which may enhance the interpretability of DCE
evidence and support the development of AI technologies reflecting real-world health care needs.
Trial Registration: PROSPERO CRD420261333555; https://www.crd.york.ac.uk/PROSPERO/view/CRD420261333555

J Med Internet Res 2026;28:e103197; doi: 10.2196/103197
Keywords: artificial intelligence; discrete choice experiments; health preference; DIRECT checklist; DIscrete choice
experiment REporting ChecklisT; reporting quality

Introduction
AI technologies are increasingly being integrated into health
care systems and are transforming the delivery of medical
services [1]. Evolving from early rule-based systems to
modern approaches such as machine learning, deep learning,
and natural language processing, AI can analyze large data
sets to identify patterns and relationships beyond human
perception, with recent advances such as large language
models further extending its capabilities [2]. Their applica-
tions have expanded beyond early use in diagnostic support to
a wide range of areas, including disease screening, treatment
decisions, chronic disease management, medication consulta-
tion, and remote health monitoring [3]. AI-enabled technolo-
gies are developing rapidly and are becoming more embedded
in health care decision-making and service delivery. Although
their clinical use remained limited in 2021, with only a
small proportion of AI technologies implemented in practice
[4], adoption has expanded rapidly in recent years. By
March 2024, approximately 79% of health care organiza-
tions reported using AI technologies in the Microsoft-Inter-
national Data Corporation study [5]. At the same time,
growing evidence indicates that AI-based approaches can
achieve performance and convenience comparable to, or even
exceeding, those of traditional methods [6,7].

As AI increasingly permeates health care, a range of
concerns has emerged. Stakeholders worry that AI sys-
tems cannot fully replicate clinician decision-making, as
they may overlook patient cognitive status, quality of life,
and individual preferences [8]. Additional concerns include
the lack of transparency and explainability of algorithms,
potential errors or malfunctions, overreliance on technol-
ogy that could dehumanize patient care [9], and data
privacy and security issues and other potential challenges
[10]. These multidimensional characteristics may influence
trust, acceptance, and ultimately the adoption of AI-enabled
health care services. Understanding how these characteris-
tics are perceived and which attributes are most valued by
patients, professionals, and other stakeholders is essential for
promoting the adoption of AI in health care and ensuring that
AI-enabled technologies are better aligned with real-world
needs, especially for patients and implementation contexts.

Discrete choice experiments (DCEs), grounded in random
utility theory, are widely used to elicit preferences by
asking individuals to choose between hypothetical alterna-
tives that vary across multiple attributes and levels [11,
12]. By requiring individuals to select between alternatives,
DCEs allow researchers to quantify trade-offs between

service characteristics and have been shown to approximate
real-world decision-making, correctly predicting more than
93% of choices [13]. Given the multidimensional nature
of AI-enabled health care technologies, this approach is
particularly useful for identifying the attributes that stake-
holders value most when evaluating such innovations.
Beyond preference estimation, the validity and comparabil-
ity of DCE evidence depend on transparent reporting of
methodological procedures. Incomplete reporting of key
elements, including attribute development, experimental
design, randomization, and econometric modeling, may limit
the credibility, reproducibility, and synthesis of findings [14,
15]. This issue is especially relevant in AI-enabled health
care, where the “black-box” nature of AI systems has
heightened concerns regarding transparency, trustworthiness,
and real-world implementation [16]. Transparent reporting is
therefore essential for interpreting preference evidence and
supporting evidence synthesis.

In recent years, an increasing number of studies have
applied DCEs to investigate preferences for AI applications
in health care across different clinical contexts. However,
these studies vary considerably in their attribute development,
experimental design, sample characteristics, and analytical
approaches, and their methodological and reporting qual-
ity has not yet been systematically assessed. Two studies
summarized stakeholder views on AI or DCEs in health
care. Vo et al [17] synthesized qualitative and survey-based
evidence on attitudes toward AI use in health care but did not
examine attributes derived from DCEs that capture stake-
holder trade-offs. Har et al [18] reviewed DCEs examining
public preferences for emerging cancer screening technolo-
gies, but the review focused on screening modalities rather
than AI-enabled health care technologies.

Therefore, our study aims to systematically review
DCEs evaluating AI-enabled health care technologies with
two objectives: (1) synthesizing evidence on stakeholder
preferences by identifying attributes revealed through
choice-based trade-offs, thereby informing the design and
implementation of AI technologies that better align with user
needs and real-world contexts, and (2) assessing report-
ing quality using the DIRECT (DIscrete choice experi-
ment REporting ChecklisT) to identify methodological and
reporting gaps and inform improvements in future DCE
research. By providing a consolidated evidence base of user
priorities and evaluating the rigor of existing literature, this
review seeks to inform the design and implementation of AI
health care solutions that are better aligned with stakeholder
needs and real-world clinical contexts.
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Methods
The review methods followed the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analy-
ses) guideline. Our study was reported per the PRISMA
guidelines 2020 (Checklist 1), and the review protocol has
been registered with PROSPERO (International Prospective
Register of Systematic Reviews; CRD420261333555).

Ethical Considerations
This work required no ethical approval.

Data Sources
Studies were identified through standard literature searches
of PubMed (MEDLINE), Embase, Scopus, Web of Science,
the Cochrane Library, and the International Health Technol-
ogy Assessment (HTA) Database from database inception to
March 19, 2026.
Search Strategy
Keywords and related terms for “discrete choice experiment”
and “artificial intelligence,” including their synonyms and
variations, were incorporated into the search strategy (the full
search strategy is provided in Table S1 Multimedia Appendix
1). Only studies published in English were included.
Study Selection
After removing duplicate studies using EndNote, 2 reviewers
(XZ and YJ) independently screened the titles and abstracts
of an initial set of 50 articles to assess eligibility. Discrep-
ancies were discussed until consensus was reached, lead-
ing to a refinement of the inclusion and exclusion criteria.
The remaining articles were then screened independently by
XZ and YJ, with any disagreements resolved by a third
reviewer (SL). Studies were included if they (1) used a DCE
methodology; (2) evaluated AI-enabled technologies; in this
study, AI-enabled health care technologies refer to a broad
range of applications that incorporate AI-based algorithms
to support or deliver health care, including clinical deci-
sion-support systems, mobile health apps, chatbots, wearable
devices, and AI-based diagnostic, screening, and management
tools; and (3) focused on research in health care settings.
Studies were excluded if they (1) did not use DCE or
did not investigate AI-related technologies, (2) were review
articles, or (3) were not published in English. This approach
ensured the systematic identification of primary research
capturing stakeholder preferences toward AI-enabled health
care technologies.
Data Extraction
Two researchers independently extracted detailed data using
a standardized data extraction form. The extracted informa-
tion included study characteristics (publication year, country,
sample size, disease area, AI device type, and clinical
application), DCE design characteristics (perspective, number
of choice sets per block, attributes, and levels, experimen-
tal design methods, and econometric analysis methods),
as well as the categories of DCE attributes. In addition,

study outcome measures were extracted, including attributes
identified as the most and least important in the DCE results.
Monetary and nonmonetary preference valuation measures
reported in the included studies, including willingness to
pay (WTP), willingness to save (WTS), and other trade-off
estimates, were extracted as originally reported and synthe-
sized descriptively. Any disagreements were resolved through
discussion and reexamination of the original articles, and a
third reviewer was consulted if necessary.

Reporting Quality Assessment
Reporting quality was assessed using the DIRECT checklist
(Checklist 2) [19], which evaluates 7 reporting domains:
purpose and rationale, attributes and levels, experimental
design, survey design, sample and data collection, economet-
ric analysis, and reporting of results, comprising a total of 26
items. Each item was graded as “yes” or “no”. Two independ-
ent reviewers (XZ and YJ) conducted the assessment, with a
third reviewer (SL) resolving any disagreement.

Synthesis Analysis
A narrative synthesis was conducted to summarize the
findings of the included studies. Extracted information
was compiled and managed in Microsoft Excel to facili-
tate comparison across studies. Reported DCE attributes
were reviewed and grouped into broader thematic catego-
ries to capture the key characteristics. Given the lack
of a standardized AI-specific framework, a structured
classification system was developed by integrating estab-
lished health technology assessment (HTA) frameworks,
including the HTA Core Model, ISPOR (International
Society for Pharmacoeconomics and Outcomes Research)
Value Assessment Framework, and NASSS (Non-adoption,
Abandonment, Scale-up, Spread, Sustainability) framework.
These frameworks were selected due to their widespread
use in HTA and shared focus on value-based decision-
making and real-world implementation. Attributes were
mapped to the integrated framework based on conceptual
alignment, and their frequency was calculated according
to occurrences in DCE designs. Attributes with potential
overlap across domains were independently reevaluated by
2 reviewers based on their conceptual meaning and study
context. Discrepancies were resolved through discussion and,
if consensus could not be reached, adjudicated by a third
reviewer. Attributes that remained conceptually ambiguous
were further reviewed through consultation with experts
in health preference elicitation, HTA, and AI to ensure
consistent and conceptually appropriate domain assignment.
Preference patterns were further assessed using relative
importance (RI) measures to identify the most and least
valued attributes. When RI was not explicitly reported, it
was derived from utility coefficients (β) using the utility
range method. Specifically, RI was calculated as the range
of utility estimates within each attribute (eg, the differ-
ence between the highest and lowest β coefficients across
attribute levels) divided by the sum of all attribute ranges
within the same study. For continuous attributes, RI was
calculated by multiplying the regression coefficient by the
observed range of attribute levels [20]. Given differences
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in attribute definitions, coding schemes, and model specifica-
tions across studies, RI was used to describe within-study
preference structures rather than to enable direct comparison
of magnitude across studies.

Results
Study Characteristic
A total of 425 studies were identified. After removing
duplicates and screening titles and abstracts, 37 full-text
articles were assessed. Of these, 10 were excluded (7 not
using DCEs, 2 not focusing on AI technologies, and 1 not
in health care). Ultimately, 27 studies comprising 28 DCEs
(1 study included 2 DCEs [21]) were included (Figure 1).

For methodological and preference analyses, independent
DCEs were treated as separate units (n=28). Application-
context analyses were conducted at the level of individ-
ual AI applications (n=30 application contexts), as some
DCEs assessed more than 1 application setting. Attribute
analyses were based on all extracted attribute occurrences
across included DCEs (n=163 attributes). The studies were
published between 2021 and 2026 and conducted across
multiple countries, with China (n=7, 25.93%) and Australia
(n=6, 22.22%) contributing the most. Sample sizes ranged
from 39 to >2000. Most focused on general health services
(n=10, 37.04%) or cancer care (n=7, 25.93%), with screening
(n=8, 29.63%) and decision support (n=7, 25.93%) as the
most common applications. Other contexts included diagnosis
and disease management.

Figure 1. Study selection PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram. HTA: Health Technology
Assessment.

Most studies evaluated nontangible AI systems integrated
into clinical workflows (n=15, 55.56%), including tools,
systems, and programs, while others involved apps, wearable
devices, and chatbots. Preferences were mainly elicited from
the public (n=16, 59.26%), followed by health care professio-
nals (n=7, 25.93%) and patients (n=5, 18.52%). One study

implemented 2 DCEs involving both the public and profes-
sionals [22], while another study conducted a single DCE
across 4 scenarios [23]. Across the 28 DCEs, the number of
attributes ranged from 3 to 8, with 6 being the most common
(n=13, 46.43%; Table 1).

JOURNAL OF MEDICAL INTERNET RESEARCH Zhang et al

https://www.jmir.org/2026/1/e103197 J Med Internet Res 2026 | vol. 28 | e103197 | p. 4
(page number not for citation purposes)

https://www.jmir.org/2026/1/e103197


Ta
ble

 1.
 St

ud
y c

ha
rac

ter
ist

ics
 of

 th
e i

nc
lud

ed
 st

ud
ies

.

Stu
dy

 an
d y

ea
r

Sa
mp

le
siz

e, 
n

Co
un

try
Di

sea
ses

De
vic

es
Cl

ini
ca

l
ap

pli
ca

tio
n

Pe
rsp

ec
tiv

e
At

tri
bu

tes
Le

ve
ls

Ch
oic

e
set

sa , 
n

DC
Eb  c

ho
ice

 de
sig

n
me

tho
ds

DC
E 

an
aly

sis
 m

eth
od

s
Ba

nk
uo

ru 
Eg

ala
 et

al 
[24

], 2
02

4
36

2
Gh

an
a

Ge
ne

ral
 he

alt
h

ser
vic

es
M

ob
ile

 ap
ps

De
cis

ion
 su

pp
ort

Cl
ini

cia
ns

6
2‐

3
8

Fr
ac

tio
na

l o
rth

og
on

al
de

sig
n

Hi
era

rch
ica

l B
ay

es 
mo

de
l

Ha
gg

en
mü

lle
r e

t a
l

[25
], 2

02
1

72
8

Ge
rm

an
y

Sk
in 

ca
nc

er
M

ob
ile

 ap
ps

Di
ag

no
sis

Pu
bli

c
7

3‐
6

N/
Ac

N/
A

Hi
era

rch
ica

l B
ay

es 
mo

de
l

He
nd

rix
 et

 al
 [2

6],
20

21
91

Un
ite

d S
tat

es
Br

ea
st 

ca
nc

er
AI

-ba
sed

sy
ste

ms
Sc

ree
nin

g
Pr

im
ary

 ca
re

pro
vid

ers
6

3
15

D-
eff

ici
en

cy
 de

sig
n

M
ixe

d l
og

it a
nd

 la
ten

t c
las

s
mo

de
l

He
nd

rix
 et

 al
 [2

1],
20

22
66

Un
ite

d S
tat

es
Br

ea
st 

ca
nc

er
AI

-ba
sed

 to
ol

Di
ag

no
sis

Ra
dio

log
ist

s
5

2‐
3

8
D-

eff
ici

en
cy

 de
sig

n
M

ixe
d l

og
it a

nd
 la

ten
t c

las
s

mo
de

l
He

nd
rix

 et
 al

 [2
1],

20
22

66
Un

ite
d S

tat
es

Br
ea

st 
ca

nc
er

AI
-ba

sed
 to

ol
Sc

ree
nin

g
Ra

dio
log

ist
s

4
2-3

8
D-

eff
ici

en
cy

 de
sig

n
M

ixe
d l

og
it a

nd
 la

ten
t c

las
s

mo
de

l
Ho

uw
en

 et
 al

 [2
7],

20
22

10
9

Ne
the

rla
nd

s
Tr

au
ma

 ca
re

M
ob

ile
 ap

ps
De

cis
ion

 su
pp

ort
Tr

au
ma

su
rge

on
s

6
2‐

4
11

D-
eff

ici
en

cy
 de

sig
n

Co
nd

itio
na

l a
nd

 m
ixe

d l
og

it
mo

de
l

Jag
em

an
n e

t a
l

[28
], 2

02
4

21
08

Ge
rm

an
y

M
en

tal
 he

alt
h

M
ob

ile
 ap

ps
Tr

ea
tm

en
t

Pu
bli

c
4

3
20

Ba
lan

ce
d o

ve
rla

p
me

tho
d

Hi
era

rch
ica

l B
ay

es 
an

d m
ixe

d
log

it m
od

el
Jag

em
an

n e
t a

l
[29

], 2
02

4
12

6
Ge

rm
an

y
Sk

in 
ca

nc
er

AI
-ba

sed
sy

ste
ms

Sc
ree

nin
g

Pa
tie

nts
3

4
12

Co
njo

int
ly 

alg
ori

thm
NA

Ki
m 

et 
al 

[30
],

20
25

50
0

So
uth

 K
ore

a
M

en
tal

 he
alt

h
Ch

atb
ot

Tr
ea

tm
en

t
Pu

bli
c

5
2‐

3
6

Or
tho

go
na

l d
esi

gn
M

ixe
d l

og
it m

od
el

La
tt e

t a
l [

31
], 2

02
4

41
5

M
elb

ou
rne

Se
xu

all
y

tra
ns

mi
tte

d
inf

ec
tio

ns

AI
-ba

sed
 to

ol
Di

ag
no

sis
Pu

bli
c

6
2‐

4
6

D-
eff

ici
en

cy
 de

sig
n

M
ixe

d l
og

it a
nd

 la
ten

t c
las

s
mo

de
l

Le
wa

nd
ow

sk
a e

t a
l

[32
], 2

02
5

82
Au

str
ali

a
Ra

dia
tio

n o
nc

olo
gy

AI
-ba

sed
sy

ste
ms

Tr
ea

tm
en

t
Pr

ofe
ssi

on
als

5
2‐

4
12

D-
op

tim
al 

de
sig

n
Co

nd
itio

na
l lo

git
 m

od
el

Le
wa

nd
ow

sk
a e

t a
l

[33
], 2

02
5

53
3

Au
str

ali
a

Ra
dia

tio
n t

he
rap

y
AI

-ba
sed

sy
ste

ms
Tr

ea
tm

en
t

Pu
bli

c
5

2‐
4

16
Ba

ye
sia

n D
-

eff
ici

en
cy

 de
sig

n
M

ixe
d l

og
it a

nd
 la

ten
t c

las
s

mo
de

l
Li

n e
t a

l [
22

], 2
02

2
39

; 3
18

Ch
ina

Ey
e d

ise
ase

AI
-ba

sed
 to

ol
Sc

ree
nin

g
M

ed
ica

l s
taf

f;
Re

sid
en

ts
7

3‐
6

30
; 1

0
N/

A
Co

nd
itio

na
l lo

git
 m

od
el

Li
u e

t a
l [

34
], 2

02
1

76
7

Ch
ina

Ge
ne

ral
 he

alt
h

ser
vic

es
AI

-ba
sed

pro
gra

m
Di

ag
no

sis
Pu

bli
c

6
2‐

6
7

Fr
ac

tio
na

l f
ac

tor
ial

de
sig

n
Ge

ne
ral

ize
d m

ult
ino

mi
al 

log
it

mo
de

l, m
ixe

d l
og

it, 
an

d l
ate

nt
cla

ss 
mo

de
l

Li
u e

t a
l [

35
], 2

02
1

52
8

Ch
ina

Ge
ne

ral
 he

alt
h

ser
vic

es
AI

-ba
sed

pro
gra

m
Di

ag
no

sis
Pu

bli
c

6
2‐

6
7

Fr
ac

tio
na

l f
ac

tor
ial

de
sig

n
Co

nd
itio

na
l lo

git
 an

d l
ate

nt
cla

ss 
mo

de
l

Pe
arc

e e
t a

l [
36

],
20

25
80

2
Au

str
ali

a
Br

ea
st 

ca
nc

er
AI

-ba
sed

pro
gra

m
Sc

ree
nin

g
Pa

tie
nts

6
3‐

4
10

D-
eff

ici
en

cy
 de

sig
n

Co
nd

itio
na

l, m
ixe

d l
og

it, 
an

d
lat

en
t c

las
s m

od
el

Plo
ug

 et
 al

 [3
7],

20
21

10
27

Da
nis

h
Ge

ne
ral

 he
alt

h
ser

vic
es

AI
-ba

sed
ser

vic
es

N/
A

Pu
bli

c
6

3
12

Co
mp

let
e

en
um

era
tio

n m
eth

od
Hi

era
rch

ica
l B

ay
es 

mo
de

l

So
e e

t a
l [

38
], 2

02
5

41
1

Au
str

ali
a

Se
xu

all
y

tra
ns

mi
tte

d
inf

ec
tio

ns

M
ob

ile
 ap

ps
Sc

ree
nin

g
Pu

bli
c

7
2‐

4
6

D-
eff

ici
en

cy
 de

sig
n

M
ixe

d l
og

it a
nd

 la
ten

t c
las

s
mo

de
l

 

JOURNAL OF MEDICAL INTERNET RESEARCH Zhang et al

https://www.jmir.org/2026/1/e103197 J Med Internet Res 2026 | vol. 28 | e103197 | p. 5
(page number not for citation purposes)

https://www.jmir.org/2026/1/e103197


  Stu
dy

 an
d y

ea
r

Sa
mp

le
siz

e, 
n

Co
un

try
Di

sea
ses

De
vic

es
Cl

ini
ca

l
ap

pli
ca

tio
n

Pe
rsp

ec
tiv

e
At

tri
bu

tes
Le

ve
ls

Ch
oic

e
set

sa , 
n

DC
Eb  c

ho
ice

 de
sig

n
me

tho
ds

DC
E 

an
aly

sis
 m

eth
od

s
To

h e
t a

l [
39

], 2
02

5
59

6
Sin

ga
po

re
Ge

ne
ral

 he
alt

h
ser

vic
es

AI
-ba

sed
sy

ste
ms

De
cis

ion
 su

pp
ort

Pu
bli

c
6

2‐
3

NA
NA

Hi
era

rch
ica

l B
ay

es 
mo

de
l

Vo
 et

 al
 [2

3],
 20

26
58

5; 
59

2;
55

9; 
56

6
Au

str
ali

a
He

art
 di

sea
se;

He
art

 di
sea

se;
De

pre
ssi

on
;

De
pre

ssi
on

M
ob

ile
 ap

ps
Di

ag
no

sis
;

M
an

ag
em

en
t;

Di
ag

no
sis

;
M

an
ag

em
en

t

Pu
bli

c
5

2‐
3

5
D-

eff
ici

en
cy

M
ixe

d l
og

it a
nd

 la
ten

t c
las

s
mo

de
l

vo
n W

ed
el 

et 
al

[40
], 2

02
2

11
4

Ge
rm

an
y

Ge
ne

ral
 he

alt
h

ser
vic

es
AI

-ba
sed

 to
ol

De
cis

ion
 su

pp
ort

Ph
ys

ici
an

s
5

3
10

D-
eff

ici
en

cy
 de

sig
n

Co
nd

itio
na

l lo
git

 m
od

el

W
an

g e
t a

l
[41

], 2
02

5
95

7
Ch

ina
Ge

ne
ral

 he
alt

h
ser

vic
es

Ch
atb

ots
De

cis
ion

 su
pp

ort
Pu

bli
c

6
2‐

5
7

Fr
ac

tio
na

l f
ac

tor
ial

de
sig

n
Co

nd
itio

na
l lo

git
 m

od
el

W
an

g e
t a

l [
42

],
20

26
39

6
Ch

ina
Ge

ne
ral

 he
alt

h
ser

vic
es

NA
c

NA
Pa

tie
nts

6
2

8
Fr

ac
tio

na
l f

ac
tor

ial
de

sig
n

Co
nd

itio
na

l lo
git

 m
od

el

W
oo

de
 et

 al
 [4

3],
20

25
20

63
Au

str
ali

a
Br

ea
st 

ca
nc

er
AI

-ba
sed

pro
gra

m
Sc

ree
nin

g
Pu

bli
c

7
3

9
Ba

lan
ce

d o
ve

rla
p

de
sig

n
Co

nd
itio

na
l a

nd
 m

ixe
d l

og
it

mo
de

l
Xu

 et
 al

 [4
4],

 20
25

20
3

Ch
ina

Tu
be

rcu
los

is
AI

-ba
sed

pro
gra

m
M

an
ag

em
en

t
Pa

tie
nts

6
2‐

3
8

D-
eff

ici
en

cy
 de

sig
n

M
ixe

d l
og

it m
od

el

Zh
an

g e
t a

l [
45

],
20

25
34

0
Ch

ina
Ge

ne
ral

 he
alt

h
ser

vic
es

AI
-ba

sed
ser

vic
es

De
cis

ion
 su

pp
ort

Pu
bli

c
6

2‐
5

9
Or

tho
go

na
l d

esi
gn

M
ixe

d l
og

it m
od

el

Zh
en

g e
t a

l [
46

],
20

25
30

0
So

uth
 A

fri
ca

Ge
ne

ral
 he

alt
h

ser
vic

es
AI

-ba
sed

 to
ol

De
cis

ion
 su

pp
ort

Pu
bli

c
8

2‐
3

10
D-

eff
ici

en
cy

 de
sig

n
Co

nd
itio

na
l lo

git
 m

od
el

Zh
u e

t a
l [

47
], 2

02
6

34
0

Un
ite

d S
tat

es
At

ria
l f

ibr
illa

tio
n

Sm
art

wa
tch

 or
sm

art
ph

on
e a

pp
Sc

ree
nin

g
Pa

tie
nts

8
2

16
D-

eff
ici

en
cy

 de
sig

n
M

ixe
d e

ffe
cts

 lo
gis

tic
reg

res
sio

n
a N

um
be

r o
f c

ho
ice

 se
ts 

pe
r b

loc
k.

b D
CE

: d
isc

ret
e c

ho
ice

 ex
pe

rim
en

t.
c N

/A
: n

ot 
av

ail
ab

le.

JOURNAL OF MEDICAL INTERNET RESEARCH Zhang et al

https://www.jmir.org/2026/1/e103197 J Med Internet Res 2026 | vol. 28 | e103197 | p. 6
(page number not for citation purposes)

https://www.jmir.org/2026/1/e103197


Methodological Characteristics of the
DCE Studies

Experimental Design Characteristics
Of the 27 included studies (28 DCEs), 24 reported the
experimental design methods used, yielding a total of 25
DCEs because 1 study conducted 2 separate DCEs with
different attribute sets. Among these, statistically efficient
designs were most commonly applied, particularly D-effi-
cient or D-optimal designs (n=13, 52%), which are gener-
ally considered superior for improving parameter estimation
efficiency. Orthogonal or fractional factorial designs were
also frequently used (n=7, 28%); however, these traditional
approaches are relatively limited in their ability to accom-
modate complex model structures. The remaining DCEs
(n=5, 20%) adopted alternative design strategies, includ-
ing balanced overlap methods, conjoint algorithms, com-
plete enumeration designs, and Bayesian D-efficient designs.
Compared with conventional approaches, Bayesian D-effi-
cient designs offer greater flexibility by incorporating prior
information to further optimize statistical efficiency, whereas
complete enumeration and simpler overlap methods may be
less efficient for parameter estimation.
Econometric Models Used
Among the 27 studies (28 DCEs), 14 DCEs applied a
single econometric model to analyze the data. Conditional
logit models were the most frequently used approach (n=6,
21.43%), followed by hierarchical Bayes models (n=4,
14.29%) and mixed logit models (n=3, 10.71%). In addition,
9 DCEs used multiple analytical models to examine prefer-
ence heterogeneity or compare model performance. The most
common combinations included mixed logit with latent class
models (n=7, 25%) and conditional logit with mixed logit
models (n=2, 7.41%). Other combinations included condi-
tional logit with latent class models, hierarchical Bayes with
mixed logit models, or more complex specifications including
generalized multinomial logit models. Overall, preference
heterogeneity was explicitly examined in 20 of 28 DCEs
(71.43%), primarily using mixed logit (n=15, 53.57%), latent
class (n=10, 35.71%), and hierarchical Bayes models (n=5,
17.86%), either alone or in combination. However, analyses
of scale heterogeneity were rarely reported (n=1, 3.57%).
Preferred Attributes of AI Technologies
A 5-domain classification framework was developed through
systematic extraction and inductive synthesis, categorizing
attributes into AI technology performance, cost, ethical
concerns, usability, and clinical applications. The domains
of performance, cost, and ethical concerns broadly align
with established HTA frameworks (HTA Core Model and
ISPOR), with adaptations to reflect AI-specific features such
as the “black-box” nature and algorithmic risks. Usability
was informed by the NASSS framework, while clinical
applications correspond to the “Health Problem and Context”
domain, capturing preferences across application settings.
Each domain was defined a priori, and detailed operational
definitions and examples of included attributes are provided
in Table S2 in Multimedia Appendix 1. To minimize overlap,

attributes were assigned to a single domain based on their
primary conceptual focus as described in the original study
context.

A total of 163 attributes were identified and mapped into 5
attribute domains. Table 2 presents the study-level attrib-
utes, including their domain classification and preference
rankings (most and least important attributes), whereas Figure
2 summarizes the overall frequency of attribute inclusion
across domains and subcategories among all included DCEs.
Usability-related attributes were most frequently included
(n=60, 36.81%), followed by performance-related attributes
(n=45, 27.61%). Within these domains, presentation format
(n=27, 45%) and effectiveness (n=28, 62.22%) were the most
common subattributes.

Preference outcomes were analyzed at the application
context level, with 30 disease-application contexts identi-
fied across the included studies. Across all included applica-
tion contexts, performance attributes were most frequently
identified as most important (18/30), particularly effective-
ness (17/30), whereas usability attributes were most often
rated as least important (14/30), mainly driven by presenta-
tion format (9/30). Effectiveness consistently emerged as the
most important attribute across stakeholder groups. Clinicians
additionally emphasized interaction and response time, while
patients and the public showed stronger preferences for cost,
with the latter also valuing responsibility. Presentation format
was the least important attribute across all groups.

When further stratified by clinical application context,
among the 30 disease-application combinations, 1 study
(Ploug et al [37]) did not report clinical application and was
excluded from this analysis, resulting in 29 contexts. These
were categorized into screening (n=8, 27.59%), diagnosis
(n=7, 24.14%), decision support (n=7, 24.14%), treatment
(n=4, 13.79%), and management (n=3, 10.34%). Perform-
ance-related attributes remained dominant in diagnostic
(6/7), screening (4/8), treatment (2/4), and management
settings (2/3), while decision support systems showed greater
variability in attribute prioritization, and usability-related
attributes (4/7) were most frequently identified as the most
important domain. Usability attributes were consistently
ranked as least important in diagnostic, screening (4/8),
decision support (3/7), and treatment (3/4) settings, while
ethical concerns (2/3) were ranked as least important in
management-related contexts.
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Figure 2. Frequency distribution of discrete choice experiment (DCE) attributes across the included studies by domain and subcategory.

Willingness to Pay and Trade-Off
Estimates
Ten (37.04%) studies quantified the economic value of DCE
attributes through monetary WTP (n=8) or WTS (n=2), with
time as the trade-off metric. The highest and lowest marginal
WTP within each study are extracted in Table 3. Among
the 7 studies using monthly or per-visit cost metrics, the
highest WTP was associated with performance and usabil-
ity attributes. Participants were willing to pay an additional
US $0.08 to US $0.26 for every 1% increase in diagnostic
accuracy, US $2.24-US $3.25 for AI interactions, and up
to US $79 for reduced decision uncertainty. Conversely,

the lowest WTP was associated with usability (presentation
format) and ethical concerns, ranging from US $0.02 to
US $2. Reflecting an annual cost scale, one study reported
higher baseline values, peaking at US $29,244.8 for outcome
integration (performance) and dropping to US $4162.6 for
local information (ethical concerns). Two studies reported
trade-offs using WTS, and the highest WTS was consis-
tently associated with performance, for 0.7 minutes per
1% increase in accuracy and 111 minutes for maintaining
current diagnostic accuracy. In contrast, the lowest WTS was
observed for decision uncertainty and ethical concerns, at 32
and 0 minutes, respectively.

Table 3. The highest and lowest willingness-to-pay (WTP) or willingness to save or wait (WTS) estimates across the included studies.

Study Country
Attributes
(max) WTP (max)

Attributes
(least) WTP (least)

Monetary willingness to pay
Houwen et al
[27]

Netherlands Patient-reported outcome
measures

€22,496
(US $29,244.8)

Local information adjustment
(reference: own hospital logo)

€3202
(US $4162.6)

Kim et al [30] South Korea Emotion (facial expression and
empathetic response; reference:
no expression)

US $2.31
(per month)

Image (the chatbot appears similar
to a human; reference: the chatbot
appears similar to a robot)

US $0.625 (per month)

Lewandowska
et al [33]

Australia Diagnosis and treatment
oversight assistive
(base=autonomous)

US $79 AI-driven use of your data
(base=no consent required)

US $2

Liu et al [35] China 2017: AI and clinician diagnosis
method (reference: clinician)
2020: diagnosis accuracy

2017: US $2.24
(per 1% increase)
2020: US $0.26
(per 1% increase)

2017: diagnosis time (minutes)
2020: diagnosis time (minutes)

2017: US $0.09 (decrease
time for per minute)
2020: US $0.01 (decrease
time for per minute)

von Wedel et al
[40]

Germany High time savings (reference: low
time savings)

€5.16
(US $5.43)

Provider modality manufacturer
(reference: RIS/PACS software
provider)

€0.02
(US $0.02)

Xu et al [44] China Service provider: AI+physician
(reference: AI)

￥ 23.01 (US
$3.25)

Service frequency monthly
(reference: weekly)

￥ 2.01
(US $0.28)
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Study Country
Attributes
(max) WTP (max)

Attributes
(least) WTP (least)

Wang et al
[41]

China Information utility very practical
(reference: very impractical)

￥ 11.451
(US $1.62)

Not to allow the collection of
background information (reference:
allow)

￥ 0.839
(US $0.12)

Zhang et al [45] China 100% symptom-specific results
(reference: 60%)

￥ 24.01
(US $3.39)

General linguistic
comprehensibility (reference:
difficult)

￥ 0.83
(US $0.85)

Willingness to save or wait time
Lewandowska
et al [32]

Australia Accuracy same as current
(reference: reduce)

111 min Assistive (base=autonomous) 32 min

Pearce et al [36] Australia Accuracy 0.7 min (per 1%
increase in
accuracy)

Privacy (improve breast screen or
research) (base=direct medical care
only)

0 min

Reporting Quality Assessment
Reporting quality was assessed using the DIRECT checklist
(Figure 3). Across the 27 studies, the mean completion rate
for the 26 items was 84.47% (SD 11.49%), ranging from 50%
to 100%. Four studies achieved complete reporting (100%), 2
of which explicitly referenced the DIRECT checklist.

Among the 7 reporting domains, “Purpose and ration-
ale” and “Attributes and levels” were fully reported in all
studies (n=27, 100%), while the “Sample and data collection”
reporting domain also showed high completeness (n= 25,

92.59%). In contrast, several items were less consistently
reported. The lowest reporting rate was observed for item
8 (identification of design effects) in the experimental
design domain (n=10, 37.04%). The reporting of randomiza-
tion in the survey design domain was also limited (n=14,
51.85%). Other less frequently reported items included model
performance (n=15, 55.56%) and the use of pilot study
information (n=17, 62.96%). Overall, although reporting
quality was generally high, items related to experimental
design and survey procedures were less consistently reported.
Detailed results are provided in Checklist 2.

Figure 3. Proportion of studies reporting each item in the DIRECT (DIscrete choice experiment REporting ChecklisT). DCE: discrete choice
experiment.
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Discussion
Principal Findings
This review provides the first comprehensive synthesis of
DCEs on stakeholder preferences for AI-enabled health care
technologies, with a marked increase in studies since 2021.
Across different stakeholders, effectiveness consistently
emerged as the primary driver of preferences, underscoring
the importance of performance in the acceptance of AI in
health care. While reporting completeness was generally high,
the findings suggest that further improvements are needed to
better align study designs with stakeholder priorities.
Stakeholder Preferences and Attribute
Priorities
The consistent prioritization of effectiveness across stake-
holder groups suggests that clear clinical benefit is essential
for the acceptance of AI-enabled health care technologies
[30,34,35]. This may be due to ongoing uncertainty about
their real-world performance and reliability. Across the
included DCE studies, differences in the most important
attributes appear to reflect role-specific concerns. Clinicians
tend to value interaction and response time, likely because
AI systems need to fit into clinical workflows without
increasing the time burden [48]. In contrast, patients and
the public place more emphasis on cost, reflecting concerns
about financial burden and value [49]. Although effectiveness
was most frequently identified as the dominant attribute, this
finding should not be interpreted as indicating a universal
preference across AI-enabled health care technologies. Our
review suggests that preference structures vary according
to application context. Performance-related attributes were
consistently prioritized in diagnosis, treatment, and disease
management, whereas usability assumed greater importance
in decision-support applications. These findings indicate that
the relative importance of AI attributes is shaped by the
intended use of the technology rather than stakeholder type
alone. Other contextual factors, including AI functionality,
target population, and health care setting, are also likely
to influence preferences, although current evidence remains
insufficient to evaluate their effects systematically. Future
DCEs should examine these sources of contextual heteroge-
neity to improve the generalizability and applicability of
preference evidence.

This study suggests that attributes commonly included in
AI-related DCE designs may not fully align with those most
strongly valued by stakeholders. Usability-related attributes
are frequently incorporated but are often of limited impor-
tance, whereas effectiveness consistently emerges as the
primary driver. This pattern is consistent with prior AI-rela-
ted DCE evidence, such as studies in screening contexts
where usability-related attributes, such as interaction, are
commonly included [18]. However, compared with traditional
health care DCEs, where attribute selection and preference
evaluation have generally focused more consistently on
performance-related dimensions such as clinical outcomes,
AI-related DCEs appear to place greater emphasis on

usability and process-oriented attributes [50-52]. This pattern
was also reflected in WTP findings, where higher monetary
or time trade-offs were more frequently associated with
performance-related improvements, particularly diagnostic
accuracy and reduced uncertainty, whereas presentation-rela-
ted attributes generally attracted lower values. AI-related
DCEs appear to place greater emphasis on usability and
process-oriented features at the design stage. This suggests
a limitation in current DCE practice in AI-enabled health
care, where attribute selection may not adequately reflect
stakeholder priorities [53].

Additionally, the lower importance of usability attributes
may partly reflect design-related effects in some studies.
In DCEs, attribute importance depends on both attribute
selection and the utility variation implied by attribute
levels. For example, in a study by Liu et al [34], usabil-
ity attributes, such as response time, were defined using
relatively narrow level ranges (eg, diagnosis time categories
of 0, 15, and 30 minutes), compared with wider ranges
for performance attributes (eg, diagnostic accuracy from
60%-100%), which may reduce observed utility differen-
ces and attenuate their estimated importance. These design
factors should be considered when interpreting DCE-based
preference evidence. Importantly, observed differences across
stakeholder groups may also reflect variation in study context,
attribute selection, AI application type, and sample compo-
sition, rather than solely true stakeholder-level preference
heterogeneity.
Reporting Quality and Methodological
Implications
Mean reporting completeness was relatively high (84.47%,
SD 11.49%), consistent with prior AI-related health eco-
nomic reviews reporting rates of 66% to 77.4% [54-56].
However, key methodological elements, particularly those
related to experimental design, were insufficiently reported.
For example, the identification of design effects (n=10,
37.04%) and the reporting of randomization procedures
(n=14, 51.85%) were limited, aligning with previous findings
of substantial gaps in analytical planning, with reporting
rates as low as 0% and 10.52% [54,55]. Similar reporting
deficiencies have also been identified in non–AI-related DCE
reviews, where the ISPOR checklist was applied to evalu-
ate reporting quality and revealed insufficient reporting of
key experimental design elements [57,58]. It is important
to emphasize that the DIRECT checklist assesses reporting
completeness rather than methodological quality. Accord-
ingly, missing reporting does not imply that key design
features such as randomization, pilot testing, design-effect
assessment, or model diagnostics were not undertaken in
the original studies. Rather, incomplete reporting limits the
ability to fully appraise the link between study design
and estimated preferences, which may reduce confidence
in the interpretation of trade-offs and WTP estimates [59].
This issue may be further exacerbated in AI-related DCEs,
where increasing model complexity may outpace report-
ing transparency, thereby constraining the evaluation of
methodological justification [60,61].
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Model performance was reported in only 55.56% of the
studies, restricting the evaluation of model fit and comparison
across specifications. However, this finding reflects limita-
tions in reporting rather than direct evidence of inadequate
model performance or inappropriate model selection. Most
studies relied on conditional and mixed logit models, with
limited use of multiple models to assess robustness or explore
heterogeneity. While some studies accounted for preference
heterogeneity, scale heterogeneity was rarely addressed [34,
59,62]. This is particularly relevant in AI contexts, where
system-embedded and less observable technologies may
increase the difficulty of attribute interpretation, leading to
greater response variability. As a result, observed variation
may partly reflect response noise rather than true preference
heterogeneity, potentially biasing results [60,61,63]. The use
of more flexible and complementary modeling approaches
may improve robustness [64-66].
Implications of the Attribute
Classification Framework
In the absence of an AI-specific evaluation framework,
we integrated the HTA Core Model, ISPOR Value Assess-
ment Framework, and NASSS framework to categorize
attributes. HTA and ISPOR capture clinical, economic, and
value dimensions, while NASSS addresses the sociotechnical
complexities of technology adoption [67-69]. This integra-
ted approach is well suited to AI, as it incorporates fea-
tures such as limited explainability, decision uncertainty, and
algorithmic fairness that extend beyond traditional domains.
Although AI-related DCEs share similarities with conven-
tional health care studies, they additionally reflect interaction
dynamics and “black-box” concerns. By combining value
assessment with implementation complexity, this framework
provides a structured and relevant basis for synthesizing DCE
evidence and informing the design of AI-enabled health care
services.

These findings also have implications for health care
decision-making. For developers and health care providers,
understanding which AI attributes are most valued may
support user-centered technology design and implementa-
tion strategies. For regulators, payers, and HTA agencies,
preference evidence may help identify technology character-
istics that are most relevant to stakeholder acceptance and
real-world uptake. Incorporating stakeholder preferences into
the evaluation of AI-enabled health care technologies may
therefore facilitate more patient-centered and context-sensi-
tive decision-making.

Limitations
Several limitations should also be noted. First, the proposed
attribute classification framework, although informed by the
HTA Core Model, ISPOR, and NASSS frameworks, may
not fully capture all relevant dimensions of AI-enabled
health care. In addition, as the framework is derived from
attributes reported in existing DCE studies, it reflects what
has been operationalized in preference research rather than
the full spectrum of characteristics of AI-based health care
services. Second, reporting quality was assessed using the
DIRECT checklist, which focuses on transparency rather
than methodological quality. As such, while reporting gaps
can be identified, this approach may not fully capture all
sources of bias in study design and analysis. Third, only
English-language publications were included, which may
have resulted in the omission of relevant studies published
in other languages. Finally, this review synthesizes stake-
holder preferences based on DCE evidence. Although DCEs
are well suited for eliciting trade-offs, they represent only
1 preference elicitation approach. Moreover, all included
studies elicited stated preferences using hypothetical choice
scenarios, and none examined the relationship between stated
preferences and may not fully reflect real-world decision-
making, particularly for complex and less observable AI
technologies. Nevertheless, this review provides a structured
synthesis of stakeholder preferences and reporting practices
in AI-related DCEs. Future research should expand attrib-
ute identification beyond existing DCE designs and adopt
complementary methods to better capture the complexity and
real-world characteristics of AI-enabled health technologies.
Conclusions
This review identifies a mismatch between DCE attribute
design and stakeholder preferences in AI-enabled health
care. Effectiveness generally emerges as a key determinant
of preferences, particularly in clinically oriented settings,
while usability and performance attributes vary in importance
across AI applications. Preference structures are context-
dependent rather than uniform across technologies. Although
overall reporting completeness was high, key methodologi-
cal elements such as design effects and randomization were
inconsistently reported, indicating room for improvement
in study design and reporting transparency. Strengthening
methodological rigor and aligning attribute selection with
decision contexts may enhance the interpretability of DCE
evidence and support the development of AI technologies that
better reflect real-world health care decision needs.
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