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Abstract
Background: Public health data integration and automation systems are crucial for effective health care delivery and public
health surveillance. However, the factors associated with hospitals’ adoption and successful implementation remain inade-
quately explored.
Objective: This study aims to examine how hospital characteristics influence the adoption of public health data integration
and automation.
Methods: We analyzed 2277 hospitals from the 2023 American Hospital Association Annual Survey and its Health Informa-
tion Technology supplement, focusing on 6 public health reporting categories. Multivariable logistic regression models were
used to examine the association between hospital characteristics and the 2 primary outcomes: active electronic data submission
and use of automated transmission processes.
Results: System-affiliated and not-for-profit hospitals demonstrated significantly higher rates of electronic data submission
and automated reporting across most categories (odds ratio [OR] 1.70‐2.27; P<.001). Rural hospitals showed lower adoption
rates in immunization registry (OR 0.77, 95% CI 0.61-0.97), public health registry (OR 0.67, 95% CI 0.46-0.97), and clinical
data registry reporting (OR 0.77, 95% CI 0.60-0.98). Larger hospitals were more likely to implement electronic reporting, with
medium and large hospitals showing stronger engagement in syndromic surveillance reporting (OR 1.52, 95% CI 1.06-2.19
and OR 2.29, 95% CI 1.17-4.46, respectively). Teaching status was significantly associated only with clinical data registry
reporting (OR 2.66, 95% CI 1.56-4.52 for major teaching hospitals).
Conclusions: Hospital characteristics, particularly system affiliation, ownership type, and geographic location, are strongly
associated with public health data integration and automation capabilities. Findings suggest targeted interventions are needed
to address disparities in smaller and rural facilities to ensure equitable advancement of public health reporting infrastructure.
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Introduction
The integration and automation of public health data have
evolved from manual record-keeping to modern digital
systems that enhance real-time data sharing and interoper-
ability. Automated frameworks now combine structured

and unstructured health data, improving research capabili-
ties and public health responsiveness. The implementation
of Findable, Accessible, Interoperable, and Reusable data
principles has further enhanced data use for decision-making
[1]. These innovations highlight the importance of technol-
ogy-driven data integration in optimizing health care delivery
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and public health outcomes [2]. The Health Information
Technology for Economic and Clinical Health Act of 2009,
enacted into law by Title XIII of the American Recovery and
Reinvestment Act of 2009, dramatically fueled computeriza-
tion in health care through reimbursement incentives to adopt
electronic health records (EHRs) as a method of standardizing
and enhancing interoperability of data [3,4]. These differen-
ces reiterated that institutional resilience and organizational
readiness were more critical than technology availability to
successful adoption.

The 2020s have seen further advancements with artifi-
cial intelligence (AI) and machine learning technologies
extending automation capabilities. AI-based software now
streamlines tasks such as drug safety compliance report-
ing, reducing administrative burdens and human error [5].
Despite technological progress, persistent challenges remain:
interoperability gaps prevent smooth data exchange between
institutions due to diverse standards and proprietary tools
[6]; regulatory requirements often fail to address structural
barriers such as system upgrade costs or personnel train-
ing needs [5]; and workforce preparedness is frequently
overlooked, particularly in low-resource settings where staff
may lack proper training to use new technologies effectively
[7].

Public reporting of hospital data, such as patient out-
comes, infection rates, and readmission rates, can drive
improvements in health care quality by promoting transpar-
ency and accountability. Studies have shown that hospitals
participating in public reporting programs tend to engage
in quality improvement activities more actively [8,9]. For
instance, the American College of Cardiology’s voluntary
public reporting program revealed that hospitals with higher
participation rates demonstrated better performance in cardiac
care [8,9]. Additionally, the COVID-19 pandemic highligh-
ted the importance of standardized and automated reporting
systems to ensure timely and accurate data exchange, which
is essential for effective public health responses and leads to
better health outcomes for patients [4].

The association between public health data integration,
automation, and hospital characteristics has become a key
focus in assessing reporting system effectiveness, particularly
during the COVID-19 pandemic [10]. Beyond improving
health care delivery, data integration can enhance hospitals’
operational efficiency, potentially leading to higher prof-
its and increased patient service capacity [11]. However,
the most significant barrier to integration remains the lack
of standardization in health data norms at local, national,
and international levels. Many health data systems cannot
communicate effectively, resulting in integration challenges
when patients move between health systems [12]. Through
improved data integration, public health systems can better
address concerns like social determinants of health and
disease monitoring for future pandemics while enhancing
patient experiences through personalized care. While prior
research has examined EHR adoption broadly, few studies
have disaggregated public health reporting into its compo-
nent categories to identify differential adoption patterns
across hospital characteristics. This study addresses this

gap by simultaneously examining 6 distinct public health
reporting categories and analyzing both electronic submis-
sion engagement and automation processes as separate
outcomes. This context situates the central question of this
research: What hospital characteristics are associated with
the adoption and success of automated health reporting
systems? By identifying factors associated with successful
implementation of automated health reporting systems, the
findings can inform strategies to address disparities and
improve public health data infrastructure across different
health care settings. This research is particularly significant in
light of the COVID-19 pandemic, which exposed weaknesses
in current health data systems, especially regarding integra-
tion and automation [10]. A well-integrated, automated health
data system will not only lead to improved patient outcomes
and more patient-focused care but also enhance public health
decision-making at both local and national levels [13].

Methods
Data Source
The primary data for this study were derived from the 2023
American Hospital Association (AHA) Annual Survey and
its supplemental Health Information Technology Survey [14].
The AHA Annual Survey provides comprehensive informa-
tion on a wide range of hospital characteristics including
organizational structure, service lines, staffing, finances, and
patient populations. The supplemental Health Information
Technology Survey specifically captures detailed information
about hospitals’ health information technology capabilities,
EHR implementation, and public health reporting practices.
Outcome Variables
The first set of outcome variables assessed the hospi-
tal’s current stage of active engagement towards electroni-
cally submitting data for public health reporting across 6
categories: syndromic surveillance, immunization registry,
electronic case reporting, public health registry, clinical data
registry, and electronic reportable laboratory result reporting.
For each category, respondents selected one of five ordi-
nal response options representing implementation stages: (1)
actively electronically submitting production data, (2) in the
process of testing and validating electronic submission, (3)
completed registration to submit data, (4) have not completed
registration, or (5) do not know. This variable was operation-
alized as a dichotomous (yes or no) measure, with “yes”
representing hospitals that reported actively electronically
submitting production data and those that did not (yes or
no). This dichotomization approach was used to create a clear
distinction between hospitals actively engaged in electronic
reporting versus those at earlier implementation stages or
nonparticipants, consistent with prior AHA survey analyses
examining health IT adoption [15].

The second set of outcome variables assessed the specific
processes used to transmit health data, with respondents
identifying whether their hospital utilized automated, manual,
or mixed processes across 6 reporting categories. Response
options included: (1) fully or primarily automated, (2) mix
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of automated and manual processes, (3) fully or primarily
manual, or (4) do not know. For analysis purposes, the
automated reporting variable was operationalized as a binary
(yes or no) measure for each of the seven reporting catego-
ries, with “yes” representing hospitals using fully or primarily
automated processes.
Confounding Variables
The analysis also included several hospital characteristics
and market factors that may influence public health data
reporting practices. Hospital ownership type was catego-
rized as government (federal and nonfederal), not-for-profit
(private hospitals with Internal Revenue Service 501(c)(3)
tax-exempt status), or for-profit (investor-owned facilities
operating as taxable business entities). Geographic location
was classified as rural or nonrural (urban) based on the
hospital’s physical setting and Rural-Urban Commuting Area
codes. Hospital size was operationalized using the total
staffed bed count and stratified into 3 categories: small (fewer
than 100 beds), medium (100‐299 beds), and large (300 or
more beds).

System affiliation was measured as a binary variable
indicating whether the hospital was part of a larger health
care system (system-affiliated) or operated independently.
Teaching status was classified using the AHA criteria into
nonteaching or teaching. Medicare percentage (proportion
of total Medicare inpatient days) and Medicaid percentage
(proportion of total Medicaid inpatient visits) were inclu-
ded to account for patient population characteristics that
may influence hospitals’ priorities and resource allocation
for health IT investments. Market competition was meas-
ured using the Herfindahl-Hirschman Index (HHI), calculated
based on the distribution of hospital beds within each health
care market area. Higher HHI values indicate greater market
concentration and less competition, with values approach-
ing 1.0 representing highly concentrated markets [16]. This
measure was included to control for the potential influence
of competitive pressures on hospitals’ public health reporting
practices and technology adoption decisions. These variables
were selected based on previous literature identifying them
as potential determinants of health care technology adop-
tion, organizational innovation, and public health reporting
capabilities.
Statistical Analysis
This study used descriptive statistics and logistic regression
analyses. For categorical variables, we computed frequen-
cies and percentages. For continuous variables (Medicare
percentage, Medicaid percentage, and HHI), we calculated
means and SDs. We stratified these descriptive statistics by
our two primary outcome measures: (1) whether hospitals
were actively submitting data electronically and (2) whether
hospitals used automated processes for data transmission.

For our primary analysis, we developed a series of
multivariable logistic regression models to examine the
adjusted associations between hospital characteristics and
public health reporting practices. Separate models were
constructed for each of the 6 reporting categories (syndromic

surveillance, immunization registry, electronic case reporting,
public health registry, clinical data registry, and electronic
reportable laboratory result reporting) and for both out-
come measures (active electronic submission and automated
processes).

Results from the logistic regression models are presented
as adjusted odds ratios (ORs). We conducted model diagnos-
tics to ensure that all logistic regression assumptions were
met. These included tests for multicollinearity using variance
inflation factors, examination of influential observations
using the Cook distance, and assessment of model fit using
the Hosmer-Lemeshow goodness-of-fit test. All analyses
were conducted using Stata (version 17.0; StataCorp), with
statistical significance set at P<.05 for all tests. Cases with
missing data on any study variables were excluded from the
analysis using listwise deletion.

Ethical Considerations
In accordance with the policy of the university of North
Florida, the Institutional Review Board for the Protection of
Human Subjects categorized the research as exempt since the
study analyzed secondary data that are publicly available.

Results
The results reveal patterns in electronic health data reporting
practices between health care facilities based on their patient
demographics, market concentration measures, and hospital
characteristics.
Actively Submitting Data Electronically
Table 1 reports hospital categorical characteristics across
hospitals that actively submit data electronically versus those
that do not.

Table 2 reports hospital and market continuous characteris-
tics across hospitals that actively submit data electronically
versus those that do not (51.87%-54.14%), while actively
submitting facilities demonstrate more consistent Medi-
care percentages (53.51%-54.13%). The SDs for Medicare
percentages are generally higher in nonactive facilities (up to
SD 20.15) compared to active facilities (up to SD 16.27). The
HHI values for actively submitting facilities (ranging from
0.53 to 0.56, all with SD 0.36) are consistently lower than
for nonactive facilities (ranging from 0.59 to 0.67, mostly
with SD 0.37). Medicaid percentages are similar between
active and nonactive facilities across all reporting catego-
ries, with active facilities showing slightly more consistent
values (19.28%-20.02%) compared to nonactive facilities
(18.6%-20.19%). SDs for Medicaid percentages are also
generally higher in nonactive facilities.
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Table 2. Hospital continuous characteristics across hospitals that actively submit data electronically versus those that do not.

Characteristics

Syndromic
surveillance
(n=2270), mean
(SD)

Immunization
registry (n=2277),
mean (SD)

Electronic case
(n=2263), mean
(SD)

Public health
registry
(n=2229), mean
(SD)

Clinical data
registry
(n=2230), mean
(SD)

Electronic
reportable
laboratory results
(n=2252), mean
(SD)

Not actively electronically submitting production data
  Medicare Percentage 51.87 (20.15) 53.41 (18.56) 54.14 (17.19) 54 (17.99) 53.62 (16.69) 53.97 (18.98)
  Medicaid Percentage 20.19 (15.14) 18.6 (12.84) 20.1 (14.23) 19.6 (14.89) 19.29 (14.01) 18.76 (14.66)
  Herfindahl-Hirschman

Index
0.62 (0.37) 0.62 (0.37) 0.61 (0.37) 0.64 (0.37) 0.59 (0.37) 0.67 (0.36)

Actively electronically submitting production data
  Medicare Percentage 54.13 (15.87) 53.89 (16.26) 53.51 (15.65) 53.9 (15.56) 54.02 (16.27) 53.88 (16.02)
  Medicaid Percentage 19.59 (13.15) 19.77 (13.46) 19.28 (12.52) 19.57 (12.37) 20.02 (12.85) 19.84 (13.15)
  Herfindahl-Hirschman

Index
0.56 (0.36) 0.56 (0.36) 0.53 (0.36) 0.54 (0.36) 0.55 (0.36) 0.55 (0.36)

Total
  Medicare Percentage 53.86 (16.44) 53.85 (16.48) 53.83 (16.44) 53.94 (16.42) 53.84 (16.45) 53.89 (16.43)
  Medicaid Percentage 19.66 (13.4) 19.66 (13.4) 19.69 (13.41) 19.58 (13.27) 19.69 (13.38) 19.7 (13.35)
  Herfindahl-Hirschman

Index
0.57 (0.36) 0.57 (0.36) 0.57 (0.36) 0.57 (0.36) 0.57 (0.36) 0.57 (0.36)

The statistical analysis using logistic regression models
is shown in Table 3, which revealed several signifi-
cant predictors of hospitals’ engagement in electronic
health data reporting across different reporting catego-
ries. For-profit hospitals show significantly lower odds
of engaging in clinical data registry reporting compared
to government hospitals (OR 0.15, 95% CI 0.09-0.22;
P<.001), but higher odds for immunization registry
reporting (OR 1.45, 95% CI 1.02-2.07; P<.05). Not-for-
profit hospitals demonstrate significantly higher engage-
ment in clinical data registry reporting (OR 1.89, 95%
CI 1.43-2.50; P<.001), electronic case reporting (OR 1.76,
95% CI 1.25-2.48; P<.01), and public health registry
reporting (OR 1.88, 95% CI 1.41-2.49; P<.001) compared
to government-owned facilities.

Rural hospitals show significantly reduced likelihood of
electronic reporting adoption across immunization registry
(OR 0.77, 95% CI 0.61-0.97; P<.05), public health regis-
try (OR 0.67, 95% CI 0.46-0.97; P<.05), and clinical data
registry reporting (OR 0.77, 95% CI 0.60-0.98; P<.05)
compared to urban counterparts. Hospital size emerges as
a significant factor, with medium-sized hospitals showing
higher engagement in electronic reportable laboratory results
(OR 1.55, 95% CI 1.08-2.22; P<.05), public health registry
(OR 1.51, 95% CI 1.02-2.25; P<.05), clinical data regis-
try (OR 1.35, 95% CI 1.05-1.74; P<.05), and syndromic

surveillance reporting (OR 1.52, 95% CI 1.06-2.19; P<.05)
compared to small hospitals. Large hospitals demonstrate
even stronger engagement in public health registry (OR
2.13, 95% CI 1.03-4.38; P<.05) and syndromic surveillance
reporting (OR 2.29, 95% CI 1.17-4.46; P<.05).

System affiliation consistently emerges as one of the
strongest predictors, with system-affiliated hospitals showing
significantly higher odds of electronic reporting engagement
across 5 of 6 categories: clinical data registry (OR 2.27,
95% CI 1.80-2.88; P<.001), immunization registry (OR
1.70, 95% CI 1.35-2.14; P<.001), electronic case report-
ing (OR 2.16, 95% CI 1.61-2.90; P<.001), public health
registry (OR 1.78, 95% CI 1.42-2.25; P<.001), and elec-
tronic reportable laboratory results (OR 1.91, 95% CI
1.41-2.59; P<.001). Among teaching status variables, only
major teaching hospitals show significantly higher odds for
clinical data registry reporting (OR 2.66, 95% CI 1.56-4.52;
P<.001). Medicare percentage shows a small but significant
effect on syndromic surveillance reporting (OR 1.01, 95%
CI 1.00-1.02; P<.05), while Medicaid percentage shows a
minimal significant effect on immunization registry reporting
(OR 0.99, 95% CI 0.98-1.00; P<.05). These small effect
sizes for payer mix variables (ORs close to 1.0) suggest
limited practical significance despite statistical significance,
likely reflecting the large sample size rather than meaningful
clinical impact.
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Table 3. Logistic regression model of hospitals’ engagement in electronic health data reporting across different reporting categories.

Characteristics

Clinical data
registry
reporting, ORa
(95% CI)

Electronic case
reporting, OR
(95% CI)

Electronic
reportable
laboratory result,
OR (95% CI)

Immunization
registry reporting,
OR (95% CI)

Public health
registry
reporting, OR
(95% CI)

Syndromic
surveillance
reporting, OR
(95% CI)

Ownership (reference:
government)
  For-profit 0.15b

(0.09-0.22)
1.45c (1.02-2.07) 1.38 (0.86-2.22) 0.77 (0.45-1.33) 0.95 (0.66-1.36) 1.45 (0.87-2.42)

  Not-for-profit 1.89b
(1.43-2.50)

1.31 (0.99-1.72) 1.76d (1.25-2.48) 1.11 (0.72-1.69) 1.88b (1.41-2.49) 1.42 (0.99-2.03)

Rural (reference: no)
  Yes 0.8 (0.62-1.02) 0.77c (0.61-0.97) 0.86 (0.62-1.19) 0.67c (0.46-0.97) 0.77c (0.60-0.98) 0.89 (0.63-1.25)
Size (reference: small)
  Medium 1.22 (0.95-1.58) 1.08 (0.85-1.37) 1.55c (1.08-2.22) 1.51c (1.02-2.25) 1.35c (1.05-1.74) 1.52c (1.06-2.19)
  Large 1.12 (0.75-1.67) 1.19 (0.83-1.71) 1.85 (0.97-3.53) 2.13c (1.03-4.38) 1.43 (0.95-2.15) 2.29c (1.17-4.46)
Part of a system (reference: no)
  Yes 2.27b

(1.80-2.88)
1.70b (1.35-2.14) 2.16b (1.61-2.90) 1.23 (0.87-1.75) 1.78b (1.42-2.25) 1.91b (1.41-2.59)

Teaching (reference: not
teaching)
  Minor teaching 1.04 (0.82-1.30) 1.01 (0.82-1.25) 1.15 (0.84-1.58) 1.07 (0.76-1.52) 1.14 (0.91-1.43) 1.22 (0.88-1.68)
  Major teaching 2.66b

(1.56-4.52)
1.1 (0.71-1.70) 1.34 (0.58-3.11) 1.26 (0.49-3.28) 1.46 (0.86-2.46) 2.04 (0.81-5.16)

Medicare percentage 1.00 (1.00-1.01) 0.99c (0.98-1.00) 1.00 (0.99-1.01) 1.01 (1.00-1.02) 1.00 (0.99-1.01) 1.01c (1.00-1.02)
Medicaid percentage 1.00 (0.99-1.01) 0.99d (0.98-1.00) 1.00 (0.99-1.02) 1.01 (0.99-1.02) 0.99 (0.98-1.00) 1.00 (0.99-1.01)
Herfindahl-Hirschman Index 0.99 (0.72-1.36) 0.82 (0.61-1.10) 0.74 (0.48-1.14) 1.17 (0.73-1.88) 0.76 (0.56-1.04) 1.17 (0.76-1.81)

aOR: odds ratio.
bP<.001.
cP<.05.
dP<.01.

Automated Processes to Transmit Public
Health Data
Table 4 reports hospital categorical characteristics across
hospitals that have automated processes to transmit pub-
lic health data (71.55%‐87.03% of “yes” responses), with
particularly strong adoption for clinical data registry reporting
(87.03%). Government hospitals show the lowest representa-
tion among automated reporting adopters (8.10%‐11.45%),
while for-profit hospitals show moderate adoption that varies
by reporting type, with notably higher representation in
electronic case reporting (20.35%). The rural-urban divide
is substantial, with nonrural hospitals constituting the clear
majority of facilities using automated processes across all
reporting categories (64.83%‐71.72%). The imbalance is
most pronounced for clinical data registry reporting, where
rural hospitals represent only 28.28% of automated adopters
despite making up 40.86% of facilities not using automation
for this purpose.

Hospital size shows a clear pattern where larger hospitals
are disproportionately represented among automated process
adopters. Medium and large hospitals together represent
55% to 60% of facilities using automation across reporting
categories, despite making up only 40% to 47% of non-
automated facilities. Small hospitals, while still numerous
among automation adopters (38.6%‐43.77%), are signifi-
cantly under-represented compared to their share among

nonautomated facilities (49.18%‐67.37%). System affiliation
emerges as one of the strongest predictors, with system-
affiliated hospitals representing 81.22% to 86% of facilities
using automated processes across reporting categories. This
contrasts sharply with their 62.84% to 76.13% representa-
tion among nonautomated facilities. Finally, teaching status
also shows consistent patterns, with minor teaching and
major teaching hospitals combined representing 51.25% to
60.54% of automated adopters across reporting categories,
compared to 38.49% to 48.17% of nonautomated facilities.
Major teaching hospitals, despite their small numbers overall,
show consistently higher representation among automated
facilities (6.63%‐10.5%) compared to nonautomated ones
(3.63%‐10.5%).
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Table 5 reports hospital and market continuous characteristics
across hospitals that have automated processes to transmit
public health data versus those that do not.

The logistic regression analysis examined factors
associated with hospitals’ use of automated processes
(EHR-generated data sent electronically or automatically)
to transmit data to public health agencies across 6 report-
ing categories (Table 6). Hospital ownership was shown to
significantly impact automated reporting practices. For-profit
hospitals are 85% less likely than government hospitals to
use automated processes for clinical data registry reporting
(OR 0.15, 95% CI 0.09-0.22; P<.001), but 45% more likely
to automate immunization registry reporting (OR 1.45, 95%
CI 1.02-2.07; P<.05). Not-for-profit hospitals show signifi-
cantly higher automation adoption in clinical data registry
reporting (OR 1.89, 95% CI 1.43-2.50; P<.001), electronic
case reporting (OR 1.76, 95% CI 1.25-2.48; P<.01), and
public health registry reporting (OR 1.88, 95% CI 1.41-2.49;
P<.001) compared to government facilities.

Rural status negatively impacts automation adoption, with
rural hospitals showing significantly lower odds of automa-
ted data transmission for immunization registries (OR 0.77,
95% CI0.61-0.97; P<.05), public health registries (OR 0.67,
95% CI 0.46-0.97; P<.05), and clinical data registries (OR
0.77, 95% CI 0.60-0.98; P<.05). Hospital size matters, with
medium-sized hospitals showing higher odds of automation

across electronic reportable laboratory results (OR 1.55, 95%
CI 1.08-2.22; P<.05), immunization registries (OR 1.51,
95% CI 1.02-2.25; P<.05), public health registries (OR 1.35,
95% CI 1.05-1.74; P<.05), and syndromic surveillance (OR
1.52, 95% CI 1.06-2.19; P<.05) compared to small hospitals.
Large hospitals show even stronger automation adoption in
immunization registries (OR 2.13, 95% CI 1.03-4.38; P<.05)
and syndromic surveillance (OR 2.29, 95% CI 1.17-4.46;
P<.05).

System affiliation emerges as the most consistent predictor
of automation adoption, with system-affiliated hospitals
showing significantly higher odds of automated reporting
across 5 categories: clinical data registry (OR 2.27, 95% CI
1.80-2.88; P<.001), immunization registry (OR 1.70, 95% CI
1.35-2.14; P<.001), electronic case reporting (OR 2.16, 95%
CI 1.61-2.90; P<.001), public health registry (OR 1.78, 95%
CI 1.42-2.25; P<.001), and electronic reportable laboratory
results (OR 1.91, 95% CI 1.41-2.59; P<.001). Major teaching
status significantly increases automation adoption for clinical
data registry reporting (OR 2.66, 95% CI 1.56-4.52; P<.001),
while Medicare and Medicaid percentages show minimal but
significant effects on syndromic surveillance and immuniza-
tion registry reporting, respectively. Market concentration
(HHI) shows no significant association with automation
adoption across all reporting categories.

Table 5. Hospital continuous characteristics across hospitals that have automated processes to transmit public health data versus those that do not.

Characteristics

Syndromic
surveillance
(n=2254), mean
(SD)

Immunization
registry (n=2226),
mean (SD)

Electronic case
(n=2174), mean
(SD)

Public health
registry
(n=2076), mean
(SD)

Clinical data
registry
(n=2081), mean
(SD)

Electronic
reportable
laboratory results
(n=2173), mean
(SD)

No automated processes to transmit the data
  Medicare Percentage 52.69 (19.31) 54.51 (19.31) 53.79 (18.02) 53.77 (17.71) 53.41 (17.26) 53.95 (19.03)
  Medicaid Percentage 20.29 (15.27) 18.24 (14.59) 19.69 (14.45) 19.56 (14.42) 19.87 (13.98) 19.1 (14.57)
  Herfindahl-Hirschman

Index
0.6 (0.36) 0.64 (0.35) 0.59 (0.36) 0.59 (0.36) 0.59 (0.36) 0.61 (0.36)

Automated processes to transmit the data
  Medicare Percentage 54.23 (15.69) 53.83 (16.04) 54.04 (14.89) 53.68 (15.24) 54.57 (15.28) 53.75 (15.69)
  Medicaid Percentage 19.43 (12.85) 19.8 (13.15) 19.33 (12.1) 19.65 (12.04) 19.13 (12.08) 19.83 (12.96)
  Herfindahl-Hirschman

Index
0.56 (0.36) 0.56 (0.36) 0.56 (0.36) 0.53 (0.36) 0.52 (0.36) 0.55 (0.36)

Total
  Medicare Percentage 53.95 (16.43) 53.93 (16.56) 53.92 (16.52) 53.73 (16.58) 53.79 (16.64) 53.8 (16.54)
  Medicaid Percentage 19.59 (13.33) 19.57 (13.39) 19.51 (13.33) 19.6 (13.34) 19.63 (13.39) 19.66 (13.36)
  Herfindahl-Hirschman

Index
0.57 (0.36) 0.58 (0.36) 0.57 (0.36) 0.56 (0.36) 0.57 (0.36) 0.56 (0.36)
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Table 6. Logistic regression analysis of factors associated with hospitals’ use of automated processes (electronic health record [EHR]-generated data
sent electronically or automatically) to transmit data to public health agencies across 6 reporting categories.

Characteristics

Clinical data
registry reporting,
ORa (95% CI)

Electronic case
reporting, OR
(95% CI)

Electronic
reportable
laboratory result,
OR (95% CI)

Immunization
registry reporting,
OR (95% CI)

Public health
registry reporting,
OR (95% CI)

Syndromic
surveillance
reporting, OR
(95% CI)

Ownership (reference: government)
  For-profit 0.15b (0.09-0.22) 1.45c (1.02-2.07) 1.38 (0.86-2.22) 0.77 (0.45-1.33) 0.95 (0.66-1.36) 1.45 (0.87-2.42)
  Not-for-profit 1.89b (1.43-2.50) 1.31 (0.99-1.72) 1.76d (1.25-2.48) 1.11 (0.72-1.69) 1.88b (1.41-2.49) 1.42 (0.99-2.03)
Rural (reference: no)
  Yes 0.8 (0.62-1.02) 0.77c (0.61-0.97) 0.86 (0.62-1.19) 0.67c (0.46-0.97) 0.77c (0.60-0.98) 0.89 (0.63-1.25)
Size (reference: small)
  Medium 1.22 (0.95-1.58) 1.08 (0.85-1.37) 1.55c (1.08-2.22) 1.51c (1.02-2.25) 1.35c (1.05-1.74) 1.52c (1.06-2.19)
  Large 1.12 (0.75-1.67) 1.19 (0.83-1.71) 1.85 (0.97-3.53) 2.13c (1.03-4.38) 1.43 (0.95-2.15) 2.29c (1.17-4.46)
Part of a system (reference: no)
  Yes 2.27b (1.80-2.88) 1.70b (1.35-2.14) 2.16b (1.61-2.90) 1.23 (0.87-1.75) 1.78b (1.42-2.25) 1.91b (1.41-2.59)
Teaching (reference: not teaching)
  Minor teaching 1.04 (0.82-1.30) 1.01 (0.82-1.25) 1.15 (0.84-1.58) 1.07 (0.76-1.52) 1.14 (0.91-1.43) 1.22 (0.88-1.68)
  Major teaching 2.66b (1.56-4.52) 1.1 (0.71-1.70) 1.34 (0.58-3.11) 1.26 (0.49-3.28) 1.46 (0.86-2.46) 2.04 (0.81-5.16)
Medicare Percentage 1.00 (1.00-1.01) 0.99c (0.98-1.00) 1.00 (0.99-1.01) 1.01 (1.00-1.02) 1.00 (0.99-1.01) 1.01c (1.00-1.02)
Medicaid Percentage 1.00 (0.99-1.01) 0.99d (0.98-1.00) 1.00 (0.99-1.02) 1.01 (0.99-1.02) 0.99 (0.98-1.00) 1.00 (0.99-1.01)
Herfindahl-Hirschman
Index

0.99 (0.72-1.36) 0.82 (0.61-1.10) 0.74 (0.48-1.14) 1.17 (0.73-1.88) 0.76 (0.56-1.04) 1.17 (0.76-1.81)

aOR: odds ratio.
bP<.001.
cP<.05.
dP<.01.

Discussion
Principal Findings
This study identifies some of the main differences in
automation and integrating public health information between
US hospitals driven by structural resource inequalities,
institutional practice, and location. Rural, independent, and
smaller hospitals lag far behind urban, system-affiliated,
and larger hospitals when it comes to adopting automa-
ted reporting systems. Despite national-level attempts to
standardize health IT infrastructure, these gaps underscore
systemic obstacles based on financial interests, organizational
capacities, and market forces.

Rural hospitals continue to face significant challenges in
adopting electronic public health reporting despite national
progress in health IT adoption [15]. Limited financial
resources and constrained operational capacity hinder their
ability to invest in the infrastructure required for automation.
These facilities often serve smaller patient populations and
receive lower reimbursement rates, which makes it difficult
to justify the high upfront costs of implementing advanced
reporting systems. Additionally, rural hospitals typically
lack access to IT specialists and foundational systems that
support seamless electronic data exchange, resulting in a
greater reliance on manual or mixed reporting methods.
These barriers not only restrict their compliance with public
health reporting requirements but also widen the digital divide

between rural and urban health care providers. Addressing
these disparities requires targeted policy support and financial
investment to ensure rural hospitals can fully participate in
the public health data ecosystem.

The nonrural versus rural divide is stark in the results as
both the rates of actively submitting data electronically and
the adoption of automated processes to transmit that public
health data show low rates of submission and adoption by
rural hospitals in all reporting categories. There are many
possible reasons for this difference largely relating to the
differing economic environments of these hospitals. Rural
hospitals often face greater financial strain due to the poorer
socioeconomic conditions of their locals and thus do not have
the financial capital to invest in high-tech systems. As Younis
[17] shared that rural hospitals generate less revenue than
urban hospitals and are significantly disadvantaged in terms
of performance.

Another avenue to look at is the role of competition from
other hospitals that nonrural hospitals face. As discussed in
Garcia-Lacalle and Martin [18], hospitals in a market-driven
environment have a keen sense of where they sit in compari-
son to their competition and therefore consider new strategies
to better focus on patients and users. Once one hospital in a
competitive environment adopts an electronic data submis-
sion system or automates their pre-existing one, it encour-
ages other hospitals in that same environment to also adopt.
Similarly, Ghiasi et al [19] found, in their literature review,
that hospitals in a competitive market seek to differentiate
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themselves from competitors through specific services. Some
of these differentiating services could be electronic data
submission systems.

In our study, larger hospitals benefit from centralized IT
infrastructure and specialized personnel, enabling consistent
compliance with evolving standards. Medium and large
hospitals show 1.5 to 2.3 times higher odds of automation
across categories like syndromic surveillance and labora-
tory reporting. These institutions absorb upfront costs more
effectively and maintain robust EHR systems, whereas
smaller facilities struggle with limited staffing and budget-
ary flexibility. Particularly larger hospitals within multihospi-
tal systems demonstrate higher engagement in both active
electronic data submission and automated reporting due to
greater resource availability. These hospitals benefit from
economies of scale that support investment in centralized IT
infrastructures and EHR systems. In addition, system-affili-
ated hospitals are also more likely to have internal health IT
teams and established workflows for public health communi-
cation because it reduces barriers to implementation.

Not-for-profit hospitals lead in adoption due to mission-
driven commitments to population health and access to grant
funding. Their focus on community benefit aligns with public
health reporting goals, whereas for-profit hospitals priori-
tize revenue-generating technologies (eg, billing systems).
Government hospitals, with the limitations of bureaucratic
procurement systems, fall behind despite regulatory encour-
agement. The trends are indicative of findings by Tsai et
al [20] that financial restrictions and fragmented workflows
are the main barriers against EHR adoption in low-resource
settings.

In our study, facilities not actively submitting data
electronically exhibit more variable Medicare percentages
(51.87%‐54.14%), suggesting that markets with less
competition (higher HHI values) reduce pressure to adopt
reporting technologies. Lower digital literacy among older
Medicare populations may also deprioritize automation in
regions serving these demographics. Conversely, hospitals in
competitive, high-volume markets align IT investments with
performance metrics to meet patient and regulatory expecta-
tions.
Policy Implications
A 2024 analysis by the Kaiser Family Foundation found that
nearly half of US metropolitan areas are dominated by just
one or two hospital systems, significantly reducing compe-
tition and, consequently, the urgency for these institutions
to adopt advanced data reporting practices [21]. This aligns
with findings from the BMC Health Services Research,
which revealed that providers in rural or less competitive

regions demonstrate lower EHR adoption and interoperability
[22]. Moreover, patient population characteristics, particularly
among older adults on Medicare, further influence reporting
engagement. A systematic review in the Archives of Public
Health emphasized the digital health literacy gap in this
group, suggesting that facilities serving older or underserved
populations may deprioritize electronic data initiatives due to
lower patient engagement with digital platforms [23]. These
studies underscore the multifactorial barriers to robust public
health data reporting, suggesting the need for targeted policy
incentives and infrastructure support to promote broader and
more equitable adoption.

Limitations
This study’s limitation lies in its reliance on secondary

data from the 2023 AHA Annual Survey. Hospital charac-
teristics are based on self-reported data which may affect
accuracy. Our cross-sectional design limits causal infer-
ence. This analysis focused on US hospitals only, affecting
generalizability to other types of health organizations and
countries. Finally, the rural or urban classification using
Rural-Urban Commuting Area codes may not fully capture
rural-urban distinctions. Residual confounding may exist
due to unmeasured variables such as IT staffing levels or
leadership engagement.
Conclusions
The clear difference between nonrural and rural hospitals in
terms of electronic data submission and automation adoption
shows significant gaps caused by economic and competitive
factors. Nonrural hospitals, benefiting from higher revenue
and competitive pressures, are more likely to invest in
advanced IT systems and automated processes. On the other
hand, rural hospitals face financial constraints and lower
patient volumes, limiting their ability to adopt such technol-
ogies. This divide is further worsened by the centralized
resource allocation and organized workflows in system-
aligned hospitals, which improve their reporting capabilities.
Not-for-profit hospitals also lead in electronic health data
adoption due to their mission-driven priorities and access
to grant funding. Research highlights the many barriers
to strong public health data reporting, shaped by market
dynamics and patient demographics. Effective strategies for
improving electronic data submission may include tailored
incentives, strategic partnerships, and population-specific
approaches. Addressing these gaps is crucial for ensuring fair
access to advanced health care technologies and improving
overall public health reporting. Targeted policy interventions
and financial support are essential to help rural hospitals
overcome structural barriers and participate more fully in the
nation’s public health data system.
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