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Abstract

Background: While machine learning (ML) technologies have shifted from development to real-world deployment over the
past decade, US health care providers and hospital administrators have increasingly embraced ML, particularly through its
integration with electronic health record (EHR) systems. This evolving landscape underscores the need for empirical evidence
on ML adoption and its determinants; however, the relationship between hospital characteristics and ML integration within
EHR systems remains insufficiently explored.

Objective: This study aimed to examine the current state of ML adoption within EHR systems across US general acute care
hospitals and to identify hospital characteristics associated with ML implementation.

Methods: We used linked data between the 2022-2023 American Hospital Association Annual Survey and the 2023-2024
American Hospital Association Information Technology Supplement Survey. The sample includes 2562 general and acute care
hospitals in the United States with a total of 4055 observations over 2 years. Applying inverse probability weighting to address
nonresponse bias, we used descriptive statistics to assess ML adoption patterns and multivariate logistic regression models to
identify hospital characteristics associated with ML adoption.

Results: Overall, about 75% of the hospitals had adopted ML functions within their EHR systems in 2023-2024, and the
majority tended to adopt both clinical and operational ML functions simultaneously. The most commonly adopted individual
functions were predicting inpatient risks and outpatient follow-ups. ML model evaluation practices, while still limited overall,
showed notable improvement. Multivariate regression estimates indicate that hospitals were more likely to adopt any ML
if they were not-for-profit (4.4 percentage points, 95% CI 0.6-8.2; P=.02), large hospitals (15 percentage points, 95% CI
9.4-21; P<.001), operated in metropolitan areas (4.3 percentage points, 95% CI 0.8-7.8; P=.02), contracted with leading EHR
vendors (20.6 percentage points, 95% CI 17.1-24; P<.001), and affiliated with a health system (26.8 percentage points, 95%
CI 22.4-31.3; P<.001). Similar patterns were observed for predicting the adoption of both clinical and operative ML. We also
identified specific hospital characteristics associated with the adoption of individual ML functions.

Conclusions: ML adoption in hospitals is influenced by organizational resources and strategic priorities, raising concerns
about potential digital inequities. Limited quality control and evaluation practices highlight the need for stronger regulatory
oversight and targeted support for underresourced hospitals. As the integration of ML into EHR systems expands, disparities
in both adoption and oversight become increasingly critical. To ensure the equitable, safe, and effective implementation of ML
technologies in health care, well-designed policies must address these gaps and promote inclusive innovation across all hospital
settings.
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Introduction

Machine learning (ML) has significant potential to enhance
diagnostic accuracy, support clinical decision-making,
and facilitate early disease detection [1-7]. Additionally,
contemporary ML technologies that streamline administrative
tasks, refine billing and coding workflows, and enhance
patient flow may substantially benefit hospital operations,
particularly in underserved areas facing workforce short-
ages [8-11]. As recent ML advancements shift the focus
from development to deployment, US health care provid-
ers have increasingly embraced these technologies [12-14],
especially through integration with electronic health records
(EHRs) [15-18]. Integrating ML techniques into EHRs
offers multiple advantages such as simplifying data sharing,
reducing analytical time, and mitigating the risk of data
leakage [19]. These techniques enable the efficient process-
ing and analysis of vast amounts of unstructured EHR data,
which is critical for research but remains largely underutilized
[20]. Additionally, ML-driven automation can help alleviate
provider burnout by reducing manual data entry, minimizing
human errors, and shortening documentation time [21,22].

Despite significant benefits, several technical and ethical
challenges (eg, patient privacy, model accuracy, and data
reliability) associated with ML adoption may result in
unanticipated adverse consequences for patients [2,23-26].
Moreover, the implementation of new health technology
is often complicated by various social and organizational
factors, posing potential risks to care delivery [23,24]. For
instance, hospitals serving more vulnerable populations may
lack adequate technical support or sufficient staff when
implementing ML in EHRs [27]. Thus, both the benefits
and challenges warrant further exploration of the factors
influencing ML adoption, as hospitals continue to enhance
clinical outcomes and operational efficiency by embracing
new health technologies.

Although prior work has examined the implementation of
ML in hospital settings [28-30], most studies concentrated
on overall adoption, typically measured as the presence of
any ML functions or the number of ML functions adop-
ted in EHRs. Such an oversimplified classification treats
ML-enabled tools as a homogeneous technology and obscures
substantial variation across ML functions. For instance, ML
for patient scheduling and ML for inpatient risk predic-
tion differ markedly in data requirements, implementation
complexity, and regulatory oversight [31-33]. Prior stud-
ies may mask meaningful heterogeneity in real-world ML
implementation. Moreover, hospital adoption patterns may
vary across particular ML domains or functions depending
on distinct organizational needs, resource capacities, and
technological benefits (eg, a large academic hospital may
prioritize ML for clinical decision support, while a smaller
facility may favor administrative automation). Prior research
focusing solely on overall adoption may fail to capture
this nuance. To address these gaps and better reflect the
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complexity of ML diffusion in real-world hospitals, our
study differentiates 3 dimensions of adoption: (1) overall ML
adoption, (2) domain-specific ML adoption at different levels,
and (3) adoption of individual ML functions. This multidi-
mensional approach yields a more granular understanding of
how hospitals implement ML within EHRs and how adoption
patterns differ by institutional context.

In this study, our goals are to (1) describe the status quo
of ML adoption in EHRs across US general acute hospitals
and (2) identify hospitals and characteristics associated with
ML adoption in EHRs, guided by the Technology-Organiza-
tion-Environment (TOE) framework. Leveraging a national
hospital sample and regression analysis, our study offers
valuable insights for policymakers, health care administrators,
and clinicians regarding the current landscape of ML adoption
and for identifying strategies to navigate the opportunities and
challenges posed by emerging technologies.

Methods

Conceptual Framework

In this study, we integrated the TOE framework with
our regression analysis to explain the characteristics that
are associated with the ML adoption in EHRs [34,35].
TOE suggests that ML adoption decisions are shaped by
3 contexts: technology, organization, and external environ-
ment. The technological context reflects technical benefits
and costs of the current ML innovation, such as ML
relative advantage, implementation complexity, compatibility
with existing EHR systems and workflows, and technical
maturity. The organizational context captures hospital internal
readiness and capability, including hospital size and structure,
leadership support, IT staffing, available financial resour-
ces, and IT-supportive organizational culture. Environmental
context encompasses all external enablers or barriers outside
hospitals such as market competition, artificial intelligence
(AI)-related regulations and policy, or EHR vendor support.
In health care settings, TOE has been widely used to explain
health technology adoption in hospitals [36-38]. These
characteristics in TOE offer inevitable clues of understand-
ing who adopts, who benefits, and where digital capability
gaps persist. Recognizing these factors in the adoption of
ML technology is critical for designing future policies and
practice interventions that promote equitable and effective
ML implementation across the US health care system.

Data and Sample

We utilized data from the 2022-2023 American Hospital
Association (AHA) Annual Survey and the 2023-2024 AHA
IT Supplement Survey to examine the relationship between
hospital characteristics and ML adoption into EHR [39].
Each year, the AHA surveys health care administrators from
6200 US hospitals and 400 health care systems, collect-
ing information on hospital demographics, operations, and
financial metrics. In addition to the main survey, the AHA
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conducts the IT Supplement Survey, which gathers data on
health IT adoption, tools, and barriers across several domains,
including patient engagement, social determinants of health,
health information exchange, EHR systems, and IT vendors.
The IT Supplement Survey is typically completed by the chief
information officer, and participation is voluntary. Beginning
in 2023, the IT Supplement introduced a series of questions
on ML and other predictive models, enabling the investiga-
tion of various aspects of ML adoption, such as functionality,
developers, and model evaluation practices.

Our study cohort comprises US general and acute care
hospitals operating across all 50 states and the District of
Columbia that successfully responded to the 2023-2024 AHA
IT Supplement Survey. After applying pairwise deletion for
missing data and implementing other exclusion criteria, the
final analytic sample includes 2562 unique hospitals across
multiple years, resulting in a total of 4055 hospital-year
observations.

ML Measures

ML adoption is measured based on 3 sets of outcomes using
the survey questions from the AHA IT Supplement. The first
outcome is a binary indicator for any ML adoption, which
equals 1 if a hospital uses any ML or other predictive models.
Second, to capture the specific uses of this ML, we used
a follow-up question to create a 4-category measure. This
question asked respondents to select from a list of specific
ML applications, which we grouped into 2 domains. Clinical
functions included (1) predicting health trajectories or risks
for inpatients, such as early detection of conditions like sepsis
or in-hospital fall risk; (2) identifying high-risk outpatients
to inform follow-up care (eg, readmission risk); (3) monitor-
ing health through integration with wearable devices; and (4)
recommending treatments by identifying similar patients and
their outcomes. Operational functions included (5) simpli-
fying or automating billing procedures and (6) facilitating
scheduling, such as predicting no-shows or optimizing block
utilization. Based on both domains, we classified hospitals’
ML use into 1 of 4 mutually exclusive categories: (1) no ML
adoption, (2) adoption of clinical functions only, (3) adoption
of operational functions only, and (4) adoption of both. This
categorical outcome allows for a more nuanced analysis of a
hospital’s implementation strategy and provides an inter-
pretable proxy for its organizational readiness. Open-ended
responses for other functions were excluded due to their
low frequency. Finally, we also analyzed the adoption of
individual ML functions listed above.

Hospital and Environmental Factors

Inspired by the TOE framework and prior studies of health IT
adoption [40], we selected the following hospital characteris-
tics as explanatory variables. For organizational context, we
included hospital ownership (defined as nonfederal govern-
mental, not-for-profit, and for-profit), bed size (classified as
small [0-99 beds], medium [100-399 beds], and large [400
or more beds]), critical access hospital (CAH) status, and
teaching hospital status. Regarding environmental context,
we included health system affiliation (defined as whether
hospitals are affiliated with health systems), whether to
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contract with leading EHR vendors which is identified by
EHR market share [41], and metropolitan location (ie, if
a hospital is located in a county identified by Rural-Urban
Continuum Codes Category 1-3, it is defined as a metropoli-
tan hospital, otherwise a nonmetropolitan hospital). Due to
the lack of relevant technical context information in the AHA
survey, this study did not include the technological context.

Statistical Analysis

First, we reported descriptive statistics for ML adoption,
specific ML functions adopted in EHR, who developed ML in
EHR, and how hospitals evaluated ML models (ie, accu-
racy, bias, and postimplementation). Second, we summar-
ized ML adoption status by different hospital characteristics.
Chi-squared tests were performed to determine statistically
significant differences between hospitals with and without
ML adoption.

We further assessed the associations between hospital
characteristics and ML adoption using multivariate regres-
sions. We used logistic regressions for ML adoption and
multinomial logistic regression for a 4-category measure
of ML adoption type. Besides explanatory variables listed
above, all regressions controlled for year and geographic
region based on Census Divisions (ie, New England, Middle
Atlantic, East North Central, West North Central, South
Atlantic, East South Central, West South Central, Mountain,
and Pacific). For all outcomes, we report marginal effects
with 95% Cls, which can be directly interpreted as changes
in percentage points in the likelihood for a specific category
of ML adoption [42,43]. SEs are clustered at the hospital
level to account for a within-hospital correlation over time.
We consider estimates to be statistically significant at P<.05.
All statistical analyses are performed using StataNow/SE 18.5
version [44].

Given high nonresponse rates in the AHA IT Supple-
ment, we compared the characteristics of respondents versus
nonrespondents and found that nonrespondent hospitals were
more likely to be smaller, less system affiliated, and located
in rural areas—factors which are potentially associated with
lower adoption rates (Table S1 in Multimedia Appendix
1). To address potential nonresponse bias and produce
nationally representative estimates, we constructed inverse
probability weights (IPWs) from the regression that estima-
ted each hospital’s probability of responding to the AHA
IT Supplement (propensity score) using the same set of
characteristics described above as predictors [45,46]. IPW
mitigates selection bias by reweighting observations based
on their propensity to respond to the AHA IT Supplement,
thereby creating a pseudo-population where the distribution
of observed covariates is balanced between respondents and
nonrespondents. Specifically, for each year, we fitted a
separate logistic regression model and predicted the proba-
bility of responding to the AHA IT Supplement. We then
constructed the analysis weights as the inverse of this
predicted response probability and applied these weights in
all our statistical analyses. After adjusting by IPWs, the
previously observed discrepancies between respondents and
nonrespondents became smaller (Table S1 in Multimedia
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Appendix 1), which suggests mitigating the nonresponse bias.
All descriptive analyses and regressions are weighted using
the IPWs. It is important to note that this IPW approach
assumes that nonresponse depends only on observables;
accordingly, it corrects for bias related to the measured
hospital characteristics. However, any unobserved factors
correlated with both survey nonresponse and ML adoption
could still bias our estimates, which could not be fully
addressed in our study.

Ethical Considerations

Our study is a secondary analysis of organization-level
data whose original survey design and administration are
described in AHA technical documentation [39], and does not
involve human participants. Under the US Common Rule (45
CFR §46), research using deidentified, organization-level data
does not constitute human subjects research and therefore
does not require Institutional Review Board oversight [47].
We accessed the AHA data via Wharton Research Data
Services (WRDS), under data sharing agreements between
the AHA and WRDS and between WRDS and the Univer-
sity of Alabama at Birmingham. The results are reported in
accordance with the Strengthening the Reporting of Observa-
tional Studies in Epidemiology (STROBE) guidelines.

Results

Descriptive Analysis
Overall ML Adoption

The flowchart of our sample selection is presented in Figure
S1 in Multimedia Appendix 1. Among our 2023-2024
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analytical sample, 73%-76% of the hospitals reported any
ML functionality within their EHR system (Figure S2 in
Multimedia Appendix 1). The majority of US hospitals tend
to adopt both clinical and operative ML functions, while the
share increased by 10.7 percentage points from 2023 to 2024.

As summarized in Table 1, 83.8% of the metropoli-
tan hospitals adopted ML in EHRs, while only 61.3% of
the nonmetropolitan hospitals adopted MLs (all subsequent
percentages follow the same interpretation). Adoption rates
were higher among large hospitals (94.4% vs 65.0% for
small), those contracted with leading EHR vendors (92.1% vs
56.7% for nonleading EHR), not-for-profit hospitals (82.7%
vs 69.8% for for-profit), non-CAHs (82.2% vs 57.4% for
CAHs), those affiliated with health systems (87.9% vs 40.1%
for non-health-system), and teaching hospitals (92.1% vs
56.7% for non-teaching). The geographic distribution of
any ML adoption is exhibited in Figure S3 in Multimedia
Appendix 1.

Table 1. ML? adoption in electronic health record systems by hospital characteristics?.

Without ML (%) With ML (%) P value (32 test)
Organizational context
Hospital type <.001
Nonfederal, governmental 48.6 514
Not-for-profit 174 82.7
For profit 302 69.8
Hospital size <.001
Small, 0-99 beds 350 65.0
Medium, 100-399 beds 179 82.1
Large, 400 or more beds 5.6 94 .4
Critical access hospital <.001
No 17.8 822
Yes 42.6 574
Teaching status <.001
No 25.8 742
Yes 6.7 933
Environmental context
Health system <.001
No 599 40.1
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Without ML (%) With ML (%) P value (Xz test)
Yes 12.1 879
Leading EHR®4 <001
No 433 56.7
Yes 79 92.1
Metropolitan® <.001
No 387 61.3
Yes 16.2 83.8
Region <.001
New England 273 72.7
Middle Atlantic 20.3 79.7
East North Central 23.8 76.2
West North Central 26.3 73.7
South Atlantic 11.6 884
East South Central 21.8 78.6
West South Central 40.7 593
Mountain 26.6 734
Number of hospital-year observations 825 3230

4ML: machine learning.

PThe data are from the 2022-2023 American Hospital Association (AHA) Annual Survey and 2023-2024 AHA IT Supplement. Percentages are
weighted using propensity-score inverse-probability weights to adjust for nonresponse to the IT Supplement.

®Leading EHR vendors are identified by market share.
dEHR: electronic health record.

®Metropolitan status is categorized based on the 2023 Rural-Urban Continuum Codes: 1-3 as metropolitan counties and 4-9 as nonmetropolitan

counties.

Specific ML Function

The most widely adopted functions (Figure S4 in Multimedia
Appendix 1) are predicting health trajectories or inpatient
risks and identifying high-risk outpatients for follow-up care.
From 2023 to 2024, the adoption of clinical ML functions
remained stable, whereas operational functions rose mark-
edly, specifically by 19.9 percentage points for simplifying or
automating billing procedures and by 14.3 percentage points
for facilitating scheduling.

ML Development

Hospitals leveraged multiple resources to develop ML or
other predictive models (Figure S5 in Multimedia Appendix
1). About 70%-80% of hospitals reported that their ML was
developed by their EHR vendors. The third-party developers
and in-house IT teams continued to play meaningful roles
in ML development, which likely reflects hospitals’ needs
in customizing features to meet varying clinical and adminis-
trative needs. Notably, the share of hospitals unsure of the
source rose sharply from 1.0% in 2023 to 16.8% in 2024.

ML Model Evaluation

Among hospitals adopting ML in 2023, 62.6% reported
evaluating model accuracy for all or most models, while only
45% assessed model bias (Figure S6 in Multimedia Appendix
1). These rates of model accuracy and bias evaluation
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increased to 70.7% and 56.9% in 2024. In 2024, 58.1% of
the hospitals conducted postimplementation evaluation and
monitoring.

Regression Analysis Results
Whether to Adopt Any ML

The IPW weighted regression estimates of the associa-
tions between ML adoption and hospital characteristics are
reported in Table 2. Compared to nonfederal governmental
hospitals, not-for-profit hospitals were 4.4 (95% CI 0.6-8.2)
percentage points more likely to adopt any ML within EHR
systems (P=.02), while for-profit hospitals were 8.5 (95%
CI -15 to —2.1) percentage points (P=.009) less likely to
adopt. Large hospitals were 15.2 (95% CI 9.4-21) percentage
points more likely than small hospitals to adopt ML into
EHRs (P<.001). Hospitals affiliated with a health system had
a 26.8 (95% CI 22.4-31.3) percentage point higher likeli-
hood of ML adoption (P<.001). In contrast, CAHs were
84 (95% CI —12.4 to —4.4) percentage points less likely to
adopt ML (P<.001). Contracting with leading EHR vendors
was associated with a 20.6 (95% CI 17.1-24) percentage
points increase in ML adoption likelihood (P<.001). Hospitals
located in metropolitan areas were 4.3 (95% CI 0.8-7.8)
percentage points more likely to adopt ML technology
compared to those in nonmetropolitan areas (P=.02).
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Table 2. Associations between hospital characteristics and machine learning adoption®.
Marginal effects 95% CI P value
Organizational context
Hospital type
Nonfederal, governmental Reference b —
Not-for-profit 4.4¢ 0.6t08.2 02
For profit -8.54 1490 2.1 009
Hospital size
Small, 0-99 beds Reference — —
Medium, 100-399 beds 32 —0.7t07.2 A1
Large, 400 or more beds 15.2¢ 94t021.0 <.001
Critical access hospital -8.4¢ —-124t0o4.4 <.001
Teaching status 2.1 -122t079 .68
Environmental context
Health system 26.8° 22410313 <.001
Leading EHR¢ 20.6° 17.1 to 24.0 <.001
Metropolitan! 43¢ 08t07.8 02
Census division
New England Reference — —
Middle Atlantic 2.7 -108t0 54 Sl
East North Central 0.7 —-69t08.2 .86
West North Central 6.8 -0.5t0 14.1 07
South Atlantic 9.4¢ 20to 16.8 01
East South Central 2.8 -59to 114 53
West South Central -1.8 —941t058 .65
Mountain 63 -12t013.8 .10
Pacific -20 -10.1t0 6.1 62
Year 2024 1.9¢ 0.04 to 3.7 05

4Authors’ analysis of data from the 2022-2023 American Hospital Association (AHA) Annual Survey linked with the 2023-2024 AHA IT
Supplement. The sample includes 4055 hospital-year observations. The table reports average marginal effects, which represent the change in the
probability of any machine learning adoption associated with each hospital characteristic. Marginal effects are scaled by 100 and can be interpreted as
percentage point changes. Estimates are derived from a weighted logistic regression model using inverse probability weights (derived from propensity
scores) to account for IT Supplement nonresponse. SEs are clustered at the hospital level to account for within-hospital correlation over time.

bNot applicable
€pP<.05.
dp<01.
€p<.001.

fLeading EHR vendors are identified by market share.
8EHR: electronic health record.

hMetropolitan status is categorized based on 2023 Rural-Urban Continuum Codes: 1-3 as metropolitan counties and 4-9 as nonmetropolitan counties.

Type of ML Adoption

The multinomial logistic regression results in Table 3
illustrate the association between hospital characteristics and
4 types of ML adoption. The results of both clinical and
operational ML adoption are overall consistent with the
estimates on any ML adoption: not-for-profit, large size,
health system affiliation, non-CAH, leading EHR contract,

https://www jmir.org/2025/1/e76126

and metropolitan location were related to both ML adoption.

Regarding other types of ML adoption, for-profit (—=15.1; 95%
CI -20 to —10.2; P<.001) and teaching (-6.2; 95% CI —11 to
—1.4; P<.001) hospitals were less likely to adopt only clinical
ML. Large size (-1; 95% CI -2 to —0.1; P=.03) and health
system affiliation (-1.8; 95% CI -3.4 to —-0.2; P=.03) were
related to a lower likelihood of only operational ML adoption.
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Table 3. Associations between hospital characteristics and types of machine learning adoption in electronic health records®.
Marginal effects 95% CI P value
Panel A: clinical MLP only
Organizational context
Hospital type
Nonfederal, governmental Reference —i —
Not-for-profit -12 -57t03.3 .60
For profit -15.1¢ -200to-10.2 <.001
Hospital size
Small, 0-99 beds Reference — —
Medium, 100-399 beds -0.1 -3.8t03.5 95
Large, 400 or more beds 2.7 -33t08.7 38
Critical access hospital 19 -20t059 34
Teaching status —-6.24 -110to-14 01
Environmental context
Health system 23 -1.8t06.5 28
Leading EHR®f 04 381029 80
Metropolitan® 0 -34t034 98
Census division
New England Reference — —
Middle Atlantic -7.8 -16.6t0 1.0 08
East North Central -16.8° -24.6t0-9.0 <.001
West North Central -8.44 ~16.7 to -0.1 05
South Atlantic -15.5¢ -235t0-7.5 <.001
East South Central 1.2 -8.7to11.1 .82
West South Central -13.7¢ -219t0-5.6 <.001
Mountain —12.5h -210to4.1 004
Pacific -17.9¢ —26.1t0-9.8 <.001
Year 2024 -8.8¢ -109t0-6.7 <.001
Panel B: operational ML only
Organizational context
Hospital type
Nonfederal, governmental Reference — —
Not-for-profit 04 —0.7t0 1.6 45
For profit 04 -19t0 1.1 59
Hospital size
Small, 0-99 beds Reference — —
Medium, 100-399 beds 03 —0.7t0 14 52
Large, 400 or more beds -1.0d -2.0to-0.1 03
Critical access hospital 0.5 -1.7t00.7 40
Teaching status 1.6 -1.7t049 34
Environmental context
Health system -1.84 -34t0-02 03
Leading EHR 0.6 -0.1to 1.3 A1
Metropolitan 02 -13t009 12
Census division
New England Reference — —
Middle Atlantic -0.7 —201t00.6 31
East North Central 1.6 -0.1t03.3 06
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Marginal effects 95% CI P value

West North Central 0.5 -14t023 61
South Atlantic 2.0d 02t03.8 03
East South Central 0.1 -18t0 19 94
West South Central 0.2 -1.6t02.0 .80
Mountain 0 -1.6t0 1.6 97
Pacific -09 —2.1t004 17

Year 2024 1.6¢ 09t023 <.001

Panel C: both types
Organizational context

Hospital type
Nonfederal, governmental Reference — —
Not-for-profit 6.04 0.8to11.1 02
For profit 7.64 0410148 04

Hospital size
Small, 0-99 beds Reference — —
Medium, 100-399 beds 2.8 -1.7t07.3 22
Large, 400 or more beds 13.5¢ 6.7t020.2 <.001
Critical access hospital -9.9¢ -148t0-5.0 <.001
Teaching status 32 -571t0 120 48

Environmental context
Health system 26.5¢ 21.7t031.3 <.001
Leading EHR 20.5¢ 16.6t024.3 <.001
Metropolitan 464 0.3t0 8.9 03

Census division
New England Reference — —
Middle Atlantic 59 -38to 157 23
East North Central 16.2¢ 6910255 <.001
West North Central 14.70 5410240 002
South Atlantic 23.0¢ 13710323 <.001
East South Central 1.7 -90to 124 75
West South Central 11.94 23t021.5 02
Mountain 19.0¢ 9.0 to 28.9 <.001
Pacific 17.3¢ 7410271 <.001

Year 2024 8.8¢ 65t011.1 <.001

2Authors’ analysis of data from the 2022-2023 American Hospital Association (AHA) Annual Survey linked with the 2023-2024 AHA Information
Technology (IT) Supplement. The sample includes 4055 hospital-year observations. The table presents average marginal effects (MEs) from a single
multinomial logistic regression, where the outcome is a 4-category measure of ML adoption type: clinical only (Panel A), operational only (Panel
B), both (Panel C), and no ML adoption (the base outcome). Each ME represents the change in the probability of being in a specific category
associated with a hospital characteristic. The model is weighted using inverse probability weights (derived from propensity scores) to account for the
IT Supplement nonresponse. MEs are scaled by 100 and can be interpreted as percentage point changes. SEs are clustered at the hospital level to
account for within-hospital correlation over time.

bML: machine learning.

€P<.001.

dp<05.

®Leading EHR vendors are identified by market share.

fEHR: electronic health record.

gMetropolitan status is categorized based on the 2023 Rural-Urban Continuum Codes: 1-3 as metropolitan counties and 4-9 as nonmetropolitan
counties.

hp<ol.

iNot applicable.
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Individual ML Functions

We further explored the relationship between hospital
features and 6 individual ML functions in Tables S2 and S3 in
Multimedia Appendix 1. Overall, the patterns were consistent
with the main findings in Tables 2 and 3, but some exceptions
emerged. Nonprofit hospitals showed a stronger emphasis
on clinical applications, including predicting health risks for

Table 4. Summary of all regression results.

Huang et al

inpatients (7.5; 95% CI 3.6-11.4; P<.001) and outpatients
(7.7; 95% CI 3.4-12; P<.001). In contrast, for-profit hospitals
(26.4; 95% CI 19.3-33.6; P<.001) and large hospitals (11.6;
95% CI 5.3-18; P<.001) were more likely to adopt schedul-
ing-related ML functions. To enable clearer review and a
comparison of evidence across various sets of outcomes, we
provided a summary overview in Table 4.

Overall Types of adoption Adoption of individual function
Clinica Operationa Both Predict  Predict Monitor Recommend Billing  Schedulin
lonly lonly types inpatient outpatient health  treatments g
risk risk
Organizational context
Hospital type (reference: nonfederal, governmental)
Not-for-profit +2 NS NS + + + NS NS NS NS
For profit - - NS + NS - - - NS +
Hospital size (reference: small, 0-99 beds)
Medium, 100-399 beds NS NS NS NS NS NS NS NS NS +
Large, 400 or more beds + NS - + + + NS NS + +
Critical access hospital - NS NS - - - NS NS NS -
Teaching status NS - NS NS NS NS NS NS NS NS
Environmental context
Health system + NS NS + + + + + + +
Leading EHRY€ + NS NS + + + + + + +
Metropolitant + NS NS + NS NS + + NS NS

4+ means a significant positive association at the .05 level.
PNS means no significant association.

°— means a significant negative association at the .05 level.
deading EHR vendors are identified by market share.
°EHR: electronic health record.

fMetropolitan status is categorized based on 2023 Rural-Urban Continuum Codes: 1-3 as metropolitan counties and 4-9 as nonmetropolitan counties.

Additional Analysis Results

To check the robustness of our findings, we estimated
models without IPWs and compared them with our main
estimates (Tables S4 and S5 in Multimedia Appendix 1). We
found both weighted and nonweighted estimates converge.
The estimates are consistent with prior research on hospi-
tal Al adoption for workforce optimization [28,29], lending
credibility to our findings.

We also conducted the subgroup analysis to detect
heterogeneity patterns in different hospital sizes (Table S6
in Multimedia Appendix 1). Health system affiliation and
leading EHR vendors significantly increased the probability
of ML adoption, and both effects are larger in small hospitals
than in medium hospitals.

Discussion

Principal Results

This study provides timely, national-level evidence on ML
adoption within hospital EHR systems, revealing substantial
variation in specific functions, model evaluation practices,
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and hospital characteristics. Consistent with prior research
on overall ML adoption, organizational and environmental
factors such as hospital type, size, CAH status, health system
membership, and metropolitan location remain key determi-
nants of adoption decisions, supporting the organizational
and environmental contexts in the TOE framework. However,
our findings extend beyond existing studies by identifying
marked heterogeneity in the adoption of individual ML
domains and functions, highlighting that hospitals differ not
only in whether they adopt ML but also in which types of
ML applications they prioritize. Such heterogeneity aligns
well with the technological context in the TOE framework,
suggesting that ML adoption may be influenced by each
hospital’s assessment of the relative benefits and costs.
Understanding this heterogeneity is essential for designing
further policies and implementation strategies that promote
equitable and effective ML diffusion across diverse health
care settings.

Resource-Based Explanation

Within the TOE framework, the organizational and envi-
ronmental contexts offer a resource-based explanation for
our findings, suggesting that both internal and external
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resources facilitate or restrict hospital technology adop-
tion. Prior literature has identified such resources as
key determinants of EHR adoption [40,48]. Our findings
similarly suggest that hospitals with characteristics com-
monly associated with greater organizational capacity (eg,
larger size, urban location, and system affiliation) were
more likely to report ML adoption. Although we did not
directly document the decision-making process or measure
organizational resources, these characteristics may serve as
proxies for financial resources, human capital, IT capabili-
ties, and leadership support. Large, urban, and system-affili-
ated hospitals typically possess the financial flexibility to
purchase new add-on functions from EHR vendors or develop
custom ML algorithms tailored to their specific needs. Their
established IT infrastructure facilitates efficient ML adoption
within EHRs, and their resource-rich environments often have
sufficient staffing and training programs to support imple-
mentation. Executive leadership and strategic vision also play
a critical role in advancing ML adoption [49].

Further, our findings suggest that the unequal distribution
of health care resources acts as a significant barrier to ML
adoption for hospitals in rural and underserved areas [50-
52] and that external resource support could facilitate ML
adoption in such hospitals. Our subgroup analysis findings
showed that health system affiliation and leading EHR
contract had stronger effects on small hospitals, partly due
to the greater availability of financial and technical support.

Heterogeneous ML Adoption

Although most hospitals tend to adopt both clinical and
operational ML functions simultaneously, specific hospitals
select particular ML applications in alignment with their
technical needs, as the TOE framework suggests. Most
notably, for-profit hospitals demonstrated a strong interest in
adopting ML regarding scheduling functions, which may be
explained by staffing structures and institutional objectives.
They more frequently experience staffing shortages [53] and
higher nursing turnover rates [54]. In this context, ML-ena-
bled scheduling tools offer a practical solution for maintain-
ing service quality at a lower cost by automating front-office
functions and reducing reliance on staff.

These findings suggest that hospitals vary in their
perceptions, motivations, and priorities when adopting ML
technologies, which are often shaped by their resources
and strategic goals. This variability highlights the need for
qualitative research and targeted surveys on the motives,
facilitators, and barriers to implementing emerging ML
technologies among health care providers and health system
or hospital managers. For instance, researchers may explore
how hospital managers perceive and evaluate specific ML
technology, enablers and challenges during implementation,
and whether ML models meet their expectations.

Limited Model Evaluation

Our findings highlight a notable gap in current hospital Al
practice: limited evaluation of models using local hospital
or health system data [55-57]. Given that ML performance
is highly dependent on the distribution and quality of the
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training data in specific contexts, its real-world effectiveness
and validity in dynamic health care environments are often
unclear and may degrade for specific patients. Moreover,
if the training data contain inherent biases, it may perpetu-
ate or even exacerbate existing systemic disparities among
vulnerable populations [55-57].

Researchers in venues such as the Machine Learning
for Healthcare conference and the Conference on Human
Factors in Computing Systems have emphasized practical
frameworks for evaluating ML quality in care delivery,
including real-world effectiveness testing, model actionabil-
ity, model lifecycle management, and performance tracking
across sites and settings [58-60]. To mitigate risk and support
safe integration, developers and scholars recommend tailoring
evaluation to the clinical context, engaging clinicians and
patients, increasing transparency, labeling bias across patient
groups, and fostering a supportive organizational culture
[61-63]. This gap also underscores the need for governmen-
tal and industrial initiatives and regulations to promote the
safe, effective, and trustworthy use of ML technologies [64].
Although nascent [65-67], these efforts could provide critical
oversight, standards, and incentives that help minimize risks
and encourage responsible implementation.

Policy or Practice Suggestion

Multi-level policy interventions are necessary to ensure
equitable ML adoption and bridge the digital divide across
health care settings. The federal government may introduce
an initiative similar to the Health Information Technology
for Economic and Clinical Health Act of 2009, which
significantly accelerated the adoption of meaningful EHR
use among rural and small hospitals [68,69]. These interven-
tions could include expanding IT broadband infrastructure in
underserved areas or providing direct financial incentives to
support ML adoption. Meanwhile, health systems and EHR
vendors should consider providing additional financial and
technical support specifically for rural and small hospi-
tals. Especially, EHR vendors should prioritize integrating
foundational ML functions within the existing EHR systems
to reduce the technical barriers of meaningful ML usage.
Also, offering discounted or complimentary updates for ML
features may be a valuable strategy to support hospitals with
limited resources.

Limitation

Our study has several limitations. First, our findings should
be interpreted as correlational rather than causal, due to
unobserved factors. Second, our analysis relies on secondary
data from the AHA, which may be subject to self-report bias.
Although our design cannot fully address these biases, the
AHA data are widely used in health services research as
reliable data sources, and they provide unique and detailed
information on hospitals’ adoption of ML in EHR unavaila-
ble elsewhere. Future studies could validate the AHA data
through primary data collection or cross-validation with
objective measures. Third, our measures of ML adoption are
self-reported by hospital managers, which may be subject
to recall error, social-desirability bias, or heterogeneous

J Med Internet Res 2025 | vol. 27 176126 | p. 10
(page number not for citation purposes)


https://www.jmir.org/2025/1/e76126

JOURNAL OF MEDICAL INTERNET RESEARCH

interpretations of ML functionality. As a result, hospitals
may overreport or misreport their level of ML adoption.
In addition, we lack several granular contextual variables
such as vendor-specific implementation details, interoperabil-
ity maturity, IT workforce perspectives, and organizational
culture, which provide necessary scenarios to understand ML
implementation in practice. To address these gaps, future
researchers could leverage qualitative and mixed methods
designs (eg, interview or focus groups with clinicians,
hospital managers, IT staff, and vendor representatives) to
capture nuanced adoption processes, identify facilitators and
barriers, and document practical implementation strategies.
Fourth, the AHA IT Supplement Survey began collecting ML
implementation in 2023, which limited our ability to capture
early efforts in ML adoption within EHR. Finally, 44.7%
of the AHA hospitals did not complete the IT Supplement
Survey, raising concerns about potential nonresponse bias.
Although we applied inverse propensity score weighting to
balance observed characteristics between respondents and
nonrespondents, which could strengthen our findings, the
nonresponse bias remains if unobserved characteristics are
correlated with both survey response and ML adoption.

Conclusion

In this retrospective study of US hospitals from 2022 to 2024,
we observed a high rate of ML adoption within EHR systems

Huang et al

and considerable variation across specific ML functions. We
also identified several hospital characteristics associated with
ML adoption within EHRs, including ownership, hospital
size, health system affiliation, CAH status, and metropoli-
tan location. Given that resource availability significantly
influences a hospital’s capacity to implement ML technolo-
gies within EHRs, our findings highlight the need for policy
interventions that provide financial and technical support.
Such efforts are essential to ensure that resource-constrained
hospitals can adopt emerging health IT innovations and
prevent the widening of digital and health disparities across
the health care system.

To ensure accuracy, fairness, and safety, health care
administrators and policymakers must prioritize not only the
adoption of ML technologies but also the ongoing monitor-
ing and evaluation of these tools. Equitable access to these
technologies must be a key focus, with targeted support for
hospitals facing barriers to adoption. By fostering inclusive
and transparent approaches to ML adoption, we can maximize
its potential to improve care delivery, reduce disparities, and
enhance health care outcomes for all patients.
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