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Background: The development and use of artificial intelligence and machine learning technologies in healthcare
have increased, prompting a need for evidence on their safety and value. Economic evaluations support
healthcare decision-making and resource allocation. This scoping review aimed to map and synthesize current
approaches to evaluating the economic aspects of machine learning based technologies implemented in
healthcare.

Methods: Following the updated JBI guidance for scoping reviews, six databases (PubMed, CINAHL, Cochrane
Library, Embase, Scopus, and IEEE Xplore) were searched for studies evaluating the economic aspects of machine
learning-based technologies within healthcare. No exclusions were applied to healthcare settings, healthcare
professionals or used economic evaluation methods. The results of data extraction were analyzed using
descriptive statistics and inductive coding. The reporting of the studies was compared against the CHEERS-AI
statement.

Results: A total of 6332 references were retrieved, with 18 studies included in the review. The studies comprised
economic evaluations (n = 9), impact evaluations (n = 5), and performance evaluations (n = 4), with cost-
effectiveness analysis being the most frequently used economic evaluation method (n = 8). The comparison of
the studies to the reporting guidelines revealed gaps in the reporting of details from economic evaluations and
the artificial intelligence nature of the technologies. Overall, the study alignment with the CHEERS-AI items on
average was 39.6 %, with 64.1 % alignment with economic evaluation details, and 21.3 % alignment with key
details related to the artificial intelligence nature of the evaluated technologies.

Conclusions: The current literature evaluating the economic aspects of machine learning-based technologies
implemented in healthcare reveals gaps in coherence and coverage. Frameworks guiding artificial intelligence
development should be refined to incorporate components related to system evaluation and post-implementation
considerations. Further, multidisciplinary collaboration should be enhanced and promoted.

1. Introduction

The constant expansion and storage of healthcare data have
increased the significance of artificial intelligence (AI) and, specifically,
machine learning (ML)-based technologies in healthcare [1]. ML serves
as the most notable subset of AI used in healthcare, leveraging real-
world data to create and refine predictions or classifications [2].
Within the scope of ML, a variety of deep learning models have emerged
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as powerful and effective methods for analyzing complex datasets and
addressing multifaceted problems related to healthcare [3]. Research to
support, streamline or automate complex tasks has exponentially
increased, utilizing a vast variety of different ML methods with different
health data types. These tasks include but are not limited to image-based
liver organ and tissue segmentation [4,5] and retinal image processing
[6], signal-based Electroencephalography analysis [7], and clinical data
—based disease detection and diagnosis [8,9] and risk management
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[10,11]. Applying ML to multimodal data can contribute to a more
comprehensive understanding of the patient health status, promote
clinical decision making and personalized care, and automate and
optimize administrative tasks [12,13].

The growing interest in applying and developing novel Al-driven
solutions for healthcare has led to an increase in the number of frame-
works guiding Al implementation and evaluation. Following the hype,
most frameworks focus on the early technology development stage,
whereas healthcare professionals report challenges related to system
adoption in clinical settings [14]. Similarly, the evaluation of Al-based
technologies is largely focused on model performance metrics such as
precision or accuracy, while research on their clinical impact remains
comparatively rare [15]. The sustainable use of AI requires careful
preparation and examination of the quality, safety, and potential bias
caused by the used data, as well as the explainability and unforeseen
outcomes of the systems [16]. Before their widespread implementation,
healthcare professionals and policy leaders require strong empirical
evidence regarding the safe and effective use of these technologies [17].
The rapid growth in healthcare expenditures has pressured researchers
and policymakers to pursue strategies to optimize healthcare resource
allocation and management [18]. Economic evaluations support
healthcare decision-making by enabling the assessment and comparison
of interventions based on their scalability, sustainability, and impact on
population health [19]. They are a crucial step in health technology
assessment but need to be compared against one another to guide
informed and transparent decision-making [20].

Al is widely expected to decrease healthcare costs while enhancing
the outcomes, but the economic impacts are still relatively unexplored
[21,22]. Recent reviews have explored the economic aspects of Al-based
technologies in healthcare, with the current evidence predominantly
limited to specific economic evaluation methods [23,24,25,26,27] or
specific settings within healthcare, such as clinical care [24]. These re-
views suggest that the evaluation methods used are limited [27], and the
reporting of the evaluations as well as the technologies is insufficient
[24,25,26], with many studies focusing on technologies not yet in
clinical use [23].

In response to the current evidence, there is a need to enhance the
quality and quantity of evaluating the economic aspects of Al in
healthcare. Whilst previous reviews offer a broad overview, their pri-
mary focus lies on economic details, without addressing the distinctive
features associated with Al or pinpointing the deficiencies in reporting
them. The Consolidated Health Economic Evaluation Reporting Stan-
dards for Interventions that use AI (CHEERS-AI) statement is a 38-item
set of standards developed for reporting economic evaluations of Al
interventions [28]. The framework builds on the established CHEERS-
2022 statement [29], adding more nuance and detail about reporting
and capturing the Al nature of the intervention. Comparing the current
body of knowledge with the framework can provide a refined under-
standing of how Al technologies are reported and assessed.

This study aimed to map and synthesize current approaches to
evaluating the economic aspects of ML-based technologies implemented
in healthcare. Al is a rather broad term that encompasses a wide range of
techniques, including rule-based systems, expert systems, symbolic
reasoning, and robotics, many of which do not involve data-driven
learning. Narrowing the scope to ML models, the studies are more
likely to employ algorithms that learn from relevant data and are
tailored to a specific task. A gap exists in the literature regarding the
comprehensive economic analysis of state-of-the-art ML-based technol-
ogies currently implemented in healthcare. The results serve as a basis
for economic evaluation in the development and implementation of Al-
based technologies in healthcare, as well as informing the refinement of
frameworks and guidelines that steer future Al development.

2. Methods

The scoping review methodology was employed to encompass all
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available methods for evaluating, assessing, and analyzing the economic
aspects of implementing ML-based technologies in healthcare. It was
conducted following the updated JBI guidance for scoping review [30].
A protocol for this study was published in OSF registries (https://www.
osf.io), DOI https://doi.org/10.17605/0SF.10/7KCV8.

2.1. The review questions

To address the research aim, the following primary research ques-
tion, with two sub-questions, was conducted:

1. Which ML-based technologies used by healthcare professionals and
healthcare users have been evaluated for economic aspects in
healthcare?

2. Which evaluation methods have been used?

3. How do the studies evaluate and present the economic aspects of
implementing ML-based technologies in healthcare?

2.2. Inclusion criteria

The inclusion criteria for the reviewed study population were all
healthcare providers working in various healthcare settings, such as
clinical settings and healthcare management. Technologies were strictly
limited to explicit descriptions of ML. All methods for evaluating the
economic aspects of the technologies, including both direct and indirect
costs, were considered. The study characteristics covered primary
research studies, including quantitative, qualitative and mixed-methods
research designs. We included original, published, peer-reviewed arti-
cles and proceedings in English.

The exclusion criteria were used to eliminate technologies that were
commercial, private use without the intervention or oversight of a
healthcare professional, or that were targeted for the education or
training of healthcare professionals. The excluded study characteristics
included literature reviews and meta-analyses, as well as modeling and
simulation studies. Study protocols and abstracts were excluded.

2.3. Search strategy

The search strategy was developed and refined within the research
team and tested against a set of relevant benchmark articles. The search
was conducted on November 14, 2024, using the most appropriate da-
tabases to locate research literature from biomedical and life sciences, as
well as information technology. These included PubMed (MEDLINE),
CINAHL (EBSCO), Cochrane Library (Wiley), Embase (Elsevier), Scopus
(Elsevier) and IEEE Xplore (IEEE/IEE Electronic Library databases).

The search phrases were formulated using the MeSH entry terms and
categories. The categories for “artificial intelligence” and “machine
learning” were explored for Al-based technologies, and the category
“Costs and Cost Analysis” was used for economic aspects. The search
phrase was complemented using applicable database-specific subject
headings (ie. MeSH, CINAHL Subject Headings) and Boolean operators
OR and AND, with NEAR used when appropriate. The date range was 10
years, and the title, abstract and keywords were searched:

(“Artificial intelligence” OR (Comput* AND (reasoning OR intelligence
OR vision OR (knowledge AND (acquisition OR representation))) OR
“neural networks”) OR “Machine Intelligence” OR “machine learning” OR
“Deep Learning” OR “Support Vector Machine” OR “natural language
processing” OR “sentiment analysis”) AND (cost* OR expen* OR value)
AND (assess* OR evalua*® OR feasib* OR analys* OR estim* OR calcul*)
AND (healthcare™).

2.4. Evidence screening and selection
The retrieved data was downloaded into Covidence systematic re-

view tool (www. covidence.org) for duplicate detection and manual
removal, title and abstract screen, full text screen and data extraction.
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The title and abstract screening, as well as full-text screening, were
conducted by two blinded individual reviewers, with a third reviewer
resolving any conflicting decisions. The inclusion and exclusion criteria
were discussed and refined by the search team during the early phases of
the screening process.

Following the scoping review methodology recommendations, no
formal quality assessment was conducted on the admitted studies.
Instead, the reporting characteristics of the studies were examined using
the CHEERS-AI statement [28] by one researcher.

2.5. Data extraction

The data extraction template was created in Covidence and pilot
tested by three reviewers using a small sample of the included studies.
Following the template refinement, the data were extracted by two in-
dependent researchers, with a third reviewer finalizing the consensus on
the data extractions. Guided by the JBI standardized data extraction
form [31], the following data elements were extracted from the included
studies:

e General information: Citation details (e.g. author/s date, title, jour-
nal, volume, issue, pages), country, received funding

e Guidelines or criteria used for reporting the study.

e Study characteristics: study aim, design, setting and participants.

e Description of the evaluated technology: intended use and users, ML
methods.
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e Description of the economic evaluation: evaluation methodology,
intervention, economic modeling, included cost elements, consid-
ered outcomes.

2.6. Data analysis

The data were analyzed using basic descriptive analysis methods,
such as frequency counts, and qualitative data were coded inductively
into categories.

The full economic evaluation methods were grouped following the
methodological categorization outlined by Turner et al [32] and Pandit
[33]. Cost-effectiveness analysis compares the costs of two or more in-
terventions with measurable, one-dimensional outcomes, such as aver-
ted cases or increased lifespan. Cost-utility analysis compares the costs
against multidimensional outcomes, such as quality-adjusted life years.
Cost-benefit analysis evaluates two or more alternatives, where both costs
and outcomes are valued in financial terms. In contrast, cost-minimiza-
tion analysis assumes equal outcomes and focuses on comparing the costs
of the interventions. Finally, cost-consequence analysis lists the costs and
multiple outcomes of interventions separately.

Partial economic evaluations, i.e., analyses that were not compara-
tive, did not contain a comparator or were one-dimensional, were
categorized as cost analyses [33]. In cases where the used economic
evaluation methods were inconsistently reported or included a combi-
nation of approaches, the categorization provided by the authors was
used.

R
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PubMed (n = 1250)
H Scopus (n = 847)
S IEEE (n = 836)
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Duplicates identified manually (n = 1)
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949)
— \
4 \
Studies screened (n = 5382) —>{ Studies excluded (n = 5254)
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Fig. 1. PRISMA flow diagram presenting the literature review results.
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2.7. Presentation of the results

The reporting of this study follows the Prisma for Scoping Reviews
(PRISMA-ScR) checklist [34]. The study selection is presented using the
PRISMA flow diagram for systematic reviews [35], and extracted results
are presented in a descriptive format using tables and graphs.

3. Results
3.1. Description of the included studies

The literature search across six databases yielded a total of 6332
references, as presented in Fig. 1. After duplicates were removed, 5,382
studies were screened for titles and abstracts, resulting in a total of 128
articles being retrieved and screened for full-text evaluation. Finally, 18
studies were included in the review.

The studies included in the review were published between 2018 and
2024, with the majority published in 2023 and 2024 (n = 4, 22.2 %, and
n =7, 38.9 %, respectively). The studies were conducted predominantly
in Asia (n = 9, 50.0 %) and Europe (n = 7, 38.9 %) and were funded by
governmental or other public agencies (n = 10, 55.6 %). The full sum-
mary of the review findings is presented in Appendix 1.

Although all the included studies contained an economic evaluation,
only half of the main aims focused on economic evaluations (n =9, 50.0
%), as illustrated in Fig. 2. The studies were predominantly prospective
(n = 12, 66.7 %), including cohort studies (n = 8, 44.4 %) and ran-
domized controlled trials (n = 6, 33.3 %), conducted in outpatient care
settings (n = 13, 72.2 %). Most of the study participants were healthcare
users (n = 16, 88.9 %). The majority of the studies did not report using

Reported characteristics of the studies (n=18)

MAIN AIM OF THE STUDY*
Economic evaluation
Impact evaluation
Performance evaluation

STUDY DESIGN

Cohort study

Randomized controlled trial
Quasi-experimental study 2
Case report 2

DATA COLLECTION
Prospective

Retrospective B
Estimation (partly or fully) 3

STUDY SETTING
Outpatient care
Inpatient care

STUDY PARTICIPANTS
Healthcare users
Healthcare professionals 2

REPORTING GUIDELINE

Not stated
CONSORT statement 3
CHEERS statement 2
Nature Research Reporting Summary 2
0 2
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any reporting guidelines or standards (n = 11, 61.1 %).

3.2. Overview of the technologies

The technologies were most often developed for diagnostic support
and detection (n = 10, 55.6 %) and predominantly intended for clinician
use (n = 15, 83.3 %), as described in Fig. 3. The models utilized pre-
dominantly deep learning methods, where convolutional neural net-
works were mentioned in eight studies (44.4 %). Nearly half of the
technologies utilized unspecified ML methods (n = 8, 44.4 %). Most (n
=13, 72.2 %) of the studies provided references for further information
regarding the models used. Medical images were the primary source (n
=10, 55.6 %) for training and implementing the technologies, followed
by clinical data (e.g., electronic health record data and other input data,
n = 4, 22.2 %), and sensor data (n = 4, 22.2 %).

3.3. Economic evaluation of the implemented technologies

The most used economic evaluation method was cost-effectiveness
analysis (n = 8, 44.4 %), as presented in Table 1. Half of the studies
used descriptive approaches without formal modeling (n = 9, 50.0 %),
seven (38.9 %) studies modeling based economic evaluation methods,
such as Markov Modeling and decision trees, and two (11.1 %) studies
using inferential statistics. The cost elements included in the evaluations
were divided between medical costs (n = 12, 66.7 %), technology costs
(n =12, 66.7 %) and personnel costs (n = 7, 38.9 %), with one study not
providing any cost information. The medical cost elements included
direct and indirect facility and material costs related to patient hospi-
talization, medical treatments and procedures, excluding personnel

25% 50% 75%

g (50.0%)
51 (27.8%)
(22.2%)

87 (44.4%)
67 (33.3%)

(11.1%)
(11.1%)

127 (66.7%)
(16.7%)
(16.7%)

130 (72.2%)
50 (27.8%)

16" (88.9%)

(11.1%)

11 (61.1%)
(16.7%)

(11.1%)
(11.1%)

4 6 8 10 12 14 16 18

Fig. 2. Overview of the studies included. In Main aim of the stydy*, Economic evaluation refers to the main aim of the study being the cost and outcome comparison
of two or more interventions, whilst in Impact evaluation the main aim is to investigate the causal effects of the technology and in Performance evaluation the

outputs, efficiency or quality of the technology.
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Characteristics of the evaluated machine learning (ML) technologies (n=18)

25% 50% 75%
INTENDED USE
Diagnostic support and detection
Predictive analytics 5
Compliance monitoring Wl (5.6%)
Classification M (5.6%)
Communication (conversational agent) Bl (5.6%)

10m (55.6%)

(27.8%)

INTENDED USER
Clinicians
Healthcare users

DATA SOURCE
Medical images
Sensor data/ signals
Clinical data

ML METHODS

Undefined ML

Convolutional neural networks
Undefined deep learning 2

ML DETAILS REFERENCED FURTHER
Yes
No

0 2

3

15M (83.3%)

(16.7 %)

0% (55.6 %)
4m (22.2 %)
am (22.2 %)
81 (44,4%)
81 (44.4%)

(11.1%)

130 (72.2%)

4 6 8 10 12 14 16

Fig. 3. Overview of the machine learning technologies (n = 18) in the included studies.

costs. Technology costs included implementation and maintenance costs
of both the implemented ML-based technology, but also other techno-
logical equipment or device component costs related to either inter-
vention or the comparator. Lastly, personnel costs included all direct
and indirect costs related to healthcare workforce employment.

The outcomes considered in the economic evaluations were catego-
rized into process outcomes (n = 8, 44.4 %), health economic ratios (n =
8, 44.4 %), clinical outcomes (n = 8, 44.4 %), costs (n = 9, 50.0 %) and
quality adjusted life years (n = 5, 27.8 %). Process outcomes included
measures related to treatment or procedure rates and effectiveness.
Health economic ratios included summary measures representing the
cost effectiveness (Incremental cost effectiveness ratio, ICER) or cost
utility (Incremental cost utility ratio, ICUR) of the implemented tech-
nologies. Clinical outcomes could be operationalized as identified ill-
nesses or hospitalization, whereas costs were predominantly increases
or reductions of costs related to the implemented technology.

3.4. Reported characteristics of the studies

Comparing the results to the CHEERS-AI [28], all the admitted
studies provided detailed descriptions of the methods used for data
analytics (n = 18, 100.0 %) and stated conflicts of interest (n = 18,
100.0 %), as presented in Fig. 4. Most of the studies summarized the
main results related to costs and outcomes (n = 17, 94.4 %) and reported
all analytic inputs and study parameters (n = 16, 88.9 %), and more than
half (n = 11, 61.1 %) discussed the effect of uncertainty in the results
section. The studies also provided context and explained the practical
relevance of the study in the background and objectives (n = 16, 88.9 %)
and disclosed their sources of funding and the funders’ role in the study
(n = 16, 88.9 %). More than half of the studies described and justified
the timeline of the study (n = 12, 66.7 %), provided sufficient details
regarding the study population (n = 11, 61.1 %), described the de-
mographics and techniques to support the valuation of outcomes (n =

10, 55.6 %) and stated the adopted perspective of the analysis (n = 10,
55.6 %) in the methods section. A sufficient summary, including rele-
vant details of the used AI methods, was provided in 10 (55.6 %) study
abstracts. On average, 39.6 % of the CHEERS-AI criteria were met on the
admitted studies.

When examining the economic evaluation details, none of the studies
reported an approach to (n = 18, 100.0 %) or the effect of (n = 18, 100.0
%) engaging with patients or other stakeholders in the study. Most (n =
16, 88.9 %) did not indicate the development of a health economic
analysis plan for the study. The discount rate (n = 11, 61.1 %) or the
currency, price date, and conversion (n = 12, 66.7 %) were not widely
reported, nor was their rationale provided in the methods section.
Additionally, 10 (55.6 %) studies did not identify the study as an eco-
nomic evaluation in the title. On average, 64.1 % of the CHEERS-AI
statement criteria for reporting the economic evaluation details were
met.

The potential effect of the AI component was not clearly specified
regarding their selection (n = 17, 94.4 %) or measurement (n = 16, 88.9
%). Likewise, there were shortcomings in the description of the com-
paratives: key details regarding the Al intervention, such as technolog-
ical details, intended users, or user requirements, were absent primarily
(n = 15, 83.3 %). The valuation of costs in the economic evaluation
predominantly did not include relevant purchase, implementation, or
maintenance costs of the used Al system (n = 16, 88.9 %), and the
discussions did not address issues related to potential Al bias and its
impact on economic equity (n = 16, 88.9 %). On average, 21.3 % of the
CHEERS-AI statement criteria for reporting the key details related to the
Al nature of the evaluated technology were met.

Looking at the Al-specific characteristics, none of the included
studies accounted for the possibility of the Al intervention learning over
time (n = 18, 100.0 %) or included it in the economic modeling (n = 18,
100.0 %). The potential impacts of the data used for model training (n =
18, 100.0 %) or the validated findings influencing the outcome analysis
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Table 1
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Overview of the economic evaluation and modeling methods per evaluated technology, with the included cost components and the considered outcomes. Cost-
effectiveness analysis compares the costs of two or more interventions, and cost-utility analysis the costs against multidimensional outcomes. Cost-benefit analysis
evaluates two or more alternatives, where both costs and outcomes are valued in financial terms, whereas cost-minimization analysis assumes equal outcomes and
focuses on comparing the costs of the interventions. Partial economic evaluations are categorized as cost analyses. In cases where the used economic evaluation
methods are inconsistently reported or include a combination of approaches, the categorization provided by the authors is used.

Evaluated technologies

Economic evaluation

Economic modeling Included cost Considered economic

methods methods elements evaluation outcomes
Al-assisted follow-up conversational agent for post-surgery Cost analysis Descriptive Not stated Process
medical consultation [36] approaches
Deep Resolve Boost (DRB) from Siemens Healthcare for cost-minimization Descriptive Technology, Personnel Costs
radiology [37] analysis approaches Process,
GI Genius™ Intelligent Endoscopy Module, US-DG-2000309 © Cost-effectiveness Descriptive Technology Cost
2021 Medtronic for polyp detection [38] analysis approaches Process
Hypotension Prediction Index (Edwards Lifesciences) [39] cost-benefit analysis Descriptive Medical, Technology, Clinical
approaches Personnel Costs
Hand hygiene notification system [40] Cost-effectiveness Descriptive Technology, Personnel Clinical,
analysis approaches Costs,
Process
Risk prediction algorithm for undiagnosed atrial fibrillation [41]  Cost-utility analysis Markov Modeling, Medical, Technology, Clinical,

ECG Real-Time Diagnostic Platform for anomaly detection [42]

EyeWisdom (Visionary Intelligence Ltd., Beijing, China) for
retinal image analysis [43]

Cost-effectiveness
analysis
Cost-utility analysis

Alarm system for ECG anomaly prediction [44] Cost-utility analysis

EndoBRAIN (Cybernet System Corp and Olympus Corp, Tokyo, cost-minimization

Japan) for polyp classification [45] analysis
DentalXrai Pro 1.0.4 (dentalXrai Ltd, Berlin, Germany) for teeth Cost-effectiveness
classification [46] analysis

SkinVision —app for skin lesion evaluation [47] Cost-effectiveness
analysis
Rapid nutritional diagnostic system for nutritional assessment Cost-effectiveness

[48] analysis

Cost-effectiveness
analysis

Computer-aided detection (CADe) of adenomas [49]

MiSAOS monitoring system for CPAP compliance [50] Cost-effectiveness

analysis
Assisted workflow for breast cancer metastase detection [51] cost-minimization
analysis
Semi-automated approach to grade fundus photographs [52] cost-minimization
analysis

Deep Learning Assistant for Retinoblastoma (DLA-RB) [53] Cost-utility analysis

Decision tree Personnel Health economic ratios
QALY (quality adjusted life
years)

Descriptive Personnel Cost

approaches Process

Markov Modeling Medical, Technology, Health economic ratios,

Personnel QALY

Markov Modelling Medical, Technology Health economic ratios,
QALY

Descriptive Technology Costs

approaches

Markov Modeling Medical, Technology Health economic ratios,

Process
Health economic ratios

Inferential statistics Medical, Technology

Decision tree Medical Clinical,
Costs
Health economic ratios
Markov Modeling Medical Clinical,
Health economic ratios,
QALY
Inferential statistics Medical, Technology Clinical
Costs
Descriptive Medical Clinical,
approaches Process
Descriptive Medical, Personnel Clinical,
approaches Costs,
Process
Markov Modeling Medical, Technology Health economic ratios,
QALY

of the Al system (n = 17, 94.4 %) were not identified or described. The
uncertainties and their implications related to AI systems were not
presented in the results (n = 17, 94.4 %), nor were the requirements for
Al implementation discussed (n = 18, 100.0 %). The detailed table
containing the item-specific references is available as Appendix 2.

4. Discussion
4.1. Main findings

This review synthesizes current evidence on the economic aspects of
ML-based technologies implemented in healthcare. The technologies (n
= 18) included a variety of systems used for diagnostic support, detec-
tion, or predictive analytics, predominantly employed by clinicians in
outpatient settings. The utilized evaluation methods were primarily
complete economic evaluations, including cost-effectiveness, cost-utility
and cost-minimization analyses. Finally, the study reports were
compared against the CHEERS-AI [28] statement, indicating limitations
in reporting details related to both economic evaluations and the Al
nature of the technologies.

4.2. Comparison with prior work

In line with past literature covering the economic evaluation of Al
technologies in healthcare [23,24,25,26,27], the findings of this review
identified significant gaps in reporting essential details related to eco-
nomic evaluations. It must, however, be noted that half of the included
articles did not recognize the study as an economic evaluation in the
title, nor was economic evaluation the main aim of the studies. Never-
theless, the theoretical foundation or evidence base used to guide the
evaluations in general was not entirely clear or transparent. It has been
argued that, despite borrowing from the theoretical and methodological
foundations of economics, economic evaluations in health are compli-
cated by overlapping terminology, ambiguity, and interpretive confu-
sion [54]. Furthermore, the availability of established guidelines for
conducting economic evaluations on digital health technologies is
limited, with the majority of health economic evaluation frameworks
focusing on pharmaceuticals and medical devices [55]. As the signifi-
cance of Al in healthcare grows, so does the need for consistent eco-
nomic evaluations, which urges the development or complementation of
existing technology development frameworks with unified and estab-
lished economic evaluation and reporting guidelines.
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Reporting of the characteristics of the economic evaluations (n=18)

7 2 8
10 1 7
16
2 16
1 7
9 9
2 1 15
8 10
10 8
12 6
7 11
1M 16
2 1 15
1 17
18
8 10
9 9
7 11
18
10 8
2 4 12
6 12
C) 9
18
18
10 8
10 8
12 6
18
16
17
11 7
1 17
18
2 5 11
18
16
18
0% 20 % 40 % 60 % 80 %

All details reported sufficiently

EE** and AlI*** not reported

CHEERS Al -items*
10 1 (A4 Title
2 (Al+) Abstract

2 3 Background and objectives

Methods

4 Health economic analysis plan

5 Study population

6 Setting and location

7 (Al+) Comparators

Al1 User autonomy

8 Perspective

9 Time horizon

10 Discount rate

11 Selection of outcomes

12 (Al+) Measurement of outcomes

Al2 Measurement of Al effect

AI3 Measurement of Al learning over time
Al4 Development of Al component

Al5 Validation of Al component

Al6 Health benefit

Al7 Population differences

13 Valuation of outcomes

14 (Al+) Measurement and valuation of resources and costs
15 Currency, price date, and conversion

16 (Al+) Rationale and description of model
17 Analytics and assumptions

AlI8 Modeling of Al learning over time

18 Characterizing heterogeneity

19 Characterizing distributional effects

20 Characterizing uncertainty

21 Approach to engagement with patients and others affected by the study
Results

2 22 Study parameters

1 23 Summary of main results
24 Effect of uncertainty
AI9 Impact of Al uncertainty
25 Effect of engagement with patients and others affected by the study
Discussion
26 (Al+) Study findings, limitations, generalizability, and current knowledge
Al10 Implementation of Al

2 27 Source of funding

28 Conflicts of interest

100 %

EE** not reported AI*** not reported

Fig. 4. Reporting of the characteristics of the economic evaluations (n = 18) of the machine learning based technologies, where CHEERS-AI Items* 1-28 represent
the original CHEERS-2022 statement items, (Al + ) the elaborations to the original items of potential nuances related to artificial intelligence (AI), and items AI1-AI10

the Al-specific items. EE** refers to not reporting some or any key economic evaluation details according to the original statement, whereas Al

refers to not

reporting some or any key details related to the AI nature of the evaluated technology.

Likewise, previous reviews have reported insufficient and superficial
reporting of technological details of the evaluated systems
[23,24,25,26,27]. More than half (n = 10, 55.6 %) of the studies
included in this review reported the methods used as simply ML or deep
learning, and the comparison of the studies to the CHEERS-AI statement
indicated a lack of key details related to specific characteristics or im-
pacts of Al Overlooking these details is problematic for several reasons.
Firstly, AI, ML, or deep learning are not specific methods, but rather
umbrella terms for a myriad of methods that utilize different features,
encompassing a variety of model architectures and complexities. Failing
to provide sufficient details poses significant limitations to assessing the
reliability, generalizability, comparability or replicability of the model
evaluations. This, in turn, hinders the use of these studies in strength-
ening the knowledge base of the documented impacts of using Al in
healthcare.

Secondly, assuming the implemented technologies are static and not
accounting for their possible adaptability or learning abilities may
inadvertently lead to incomplete, inadequate or even misleading eco-
nomic evaluations. Al-based systems are not isolated or standalone
tools, but rather involve complex interdependencies between the tech-
nologies, healthcare providers, and healthcare users [24]. The perfor-
mance of learning systems progressively changes in time, affecting not
only the outcomes provided by them but also the behavior of the
healthcare professionals using them [56]. Further, their economic and
clinical value is highly dependent on the availability of good quality
data, their integration into existing healthcare infrastructures and
human-centered considerations regarding their usability and accept-
ability [57]. Complementing the economic evaluations with specific

features and characteristics of the used systems is vital to assess and
truly understand their real impacts [58]. Al is commonly framed as a
cost and resource-saving tool, overlooking the support and maintenance
it requires to operate successfully [59], including regular evaluations of
the system’s performance or the associated costs for integrating it into
novel or existing healthcare systems. Most studies in this review did not
cover the purchase or other cost components related to the technologies.
The implementation costs might include expensive hardware, and
maintaining the systems requires frequent updates, continuous training
and data, infrastructure and knowledge related to data management,
data security and privacy regulations [60,61]. Conversely, frozen sys-
tems, i.e. systems that cannot be altered or trained after their initial
deployment, risk becoming outdated and losing their clinical value, or
they may yield unforeseen outcomes or reveal unanticipated bias when
used with populations that differ from the training data [62]. These
factors can increase the need to renew systems with high costs regularly.

Novel and updated guidelines, such as the CHEERS-AI statement,
have been developed to better account for the distinctive features
associated with Al in economic evaluations. However, system evaluators
cannot use the guidelines to enhance the reporting of specific charac-
teristics if those characteristics are not within the scope of their current
understanding. For example, it is unclear how well the costs related to
system development, or their implementation, have been evaluated,
calculated, or reported during the development phase, or whether the
pre-development project plans include details pertaining to post-
implementation evaluation, maintenance, or updates. The dialogue be-
tween different stakeholders, including developers, policymakers, and
regulators, regarding the impact assessment and key economic and
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clinical variables should begin during the earliest planning stages of
system development [63].

Issues in reporting Al-specific details in economic evaluations might
partly stem from a lack of comprehensive understanding of the possible
impacts of these systems [24]. This could reflect a lack of engagement
between the system developers, who understand the technical details
and requirements of the Al systems, and the system users and evaluators,
who understand the healthcare environments and specific features
related to the favorable outcomes of the systems. The advantages of
developing systems on a solid foundation of existing Al evaluation
frameworks are well established, ensuring more effective implementa-
tion, adoption, and scaling while mitigating possible bias caused by
these systems [64]. However, the relationship between using broad
terms like Al or ML to describe method-specific details and the risk of
misinterpretation or missing critical nuances related to specific systems
should be further investigated. Moving forward, frameworks guiding the
development and evaluation of Al in healthcare could gradually shift
from ambiguous presentations aiming to include the whole wide scope
of AI methods to highlighting distinctive attributes of individual
methods. Furthermore, it is essential to advance the common under-
standing and language to promote multidisciplinary system develop-
ment, whilst including experts with comprehensive economic
knowledge in the early phases of system development. Future research
could further investigate how to support better preparation for and ac-
count for more in-depth system evaluations, starting from the early
planning phases of the system development life cycle.

4.3. Strengths and limitations

The strengths of this review include the broad mapping of evidence
using established databases that focus on biomedical and health sci-
ences, complemented by databases representing technological and
multidisciplinary research. Furthermore, the research team included
experts in the field of health informatics, representing a variety of
domain-specific knowledge related to health sciences, computer engi-
neering, and economics.

The limitations of this review relate to the scoping review method-
ology, as the quality or risk of bias of the included studies were not
evaluated. The search terms selected for the review, as well as limiting
the search to titles, abstracts and keywords, could potentially result in
not identifying all literature touching on the subject. Inclusion of diverse
study types across multiple clinical domains increases the risk of limited
comparability or overgeneralization of the review results. Lastly, the
reporting of the studies was examined by one researcher, increasing the
risk of error in the analysis.

5. Conclusions

Current research evaluating the economic aspects of ML-based
technologies implemented in healthcare is relatively sparse, revealing
gaps in coherence and coverage. Furthermore, the issues in reporting
these evaluations risk reducing their clarity and usefulness to support
decision making. Issues may arise from the rapid development of novel
Al technologies in healthcare, where system developers, evaluators,
users, policymakers, and regulators struggle to adapt their existing
guidelines and theoretical knowledge to meet the demands of the
rapidly advancing field. They also reflect the need to enhance and
promote multidisciplinary collaboration, calling for a wide variety of
expert knowledge representing different stakeholders, including the
healthcare professionals and healthcare users affected by these tech-
nologies. Al development frameworks should be refined to encourage
formulating evaluation plans in early technology development phases,
as well as account for a more comprehensive understanding of the post-
implementation period.
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