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Abstract

Background: The COVID-19 pandemic revealed persistent gaps in local health department
(LHD) health informatics capacity. This study examines organizational characteristics of
LHDs associated with the adoption of six health information systems: electronic case re-
porting (eCR), electronic disease reporting systems (EDRS), electronic health records (EHR),
electronic lab reporting (ELR), health information exchange (HIE), and immunization reg-
istries (IR). Methods: We used a mixed-methods design, including multinomial or binary
logistic regression analyses of quantitative data from the 2022 NACCHO National Profile
of Local Health Departments (n = 441) and thematic analysis of semi-structured interviews
with five LHD staff members. Results: About half (49.9%) of LHDs had implemented eCR,
while higher proportions had implemented EDRS (78.0%), EHR (62.4%), ELR (57.2%), HIE
(92.6%), and IR (92.6%). Workforce size was associated with the implementation of eCR,
EHR, and IR. The number of vacant staff positions was associated with a lower odds of
IR implementation; compared with medium-sized LHDs, both small and large LHDs had
higher odds of IR implementation. Shared-governance LHDs had higher odds of adopting
ELR and HIE than state-governed LHDs. Qualitative themes highlighted challenges, includ-
ing staff burnout, high turnover, pay inequities, role ambiguity, political pressures, rapid
changes in informatics, and interoperability problems. Conclusions: Findings underscore
the need to improve LHD workforce capacity and governance structures to support a
resilient public health informatics infrastructure.

Keywords: local health departments; health information systems; electronic case reporting
(eCR); electronic disease reporting systems (EDRS); electronic health records (EHR); electronic
lab reporting (ELR); health information exchange (HIE); immunization registries (IR)

1. Introduction
The COVID-19 pandemic brought many firsts that challenged healthcare systems, re-

quiring rapid and substantial adaptations in personnel and health informatics operations to
address these unique circumstances. Some of the rapid alterations local health departments
(LHDs) made to accommodate the influx of patients, adopt public health policies, and use
new technology have positioned them to stay at the forefront of these pandemic-related
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transformations [1]. Shortly after the start of the pandemic, rapid technological adoption
and adjustment to complex, dynamic environments occurred. This technological adoption
was swifter than the pre-pandemic pace of development and long-term planning [2].

Studies prior to COVID-19 mainly examined the uptake of health informatics in a
relatively stable, sluggish technological landscape and the integration of new systems into
existing workflows [3]. Studies have disproportionately focused on the advantages and
limitations of Electronic Health Records (EHRs) and the challenges of interoperability, with
gradual implementation of edits and enhancements [4]. Prior research in public health
informatics has emphasized that information systems function as adaptive socio-technical
systems that evolve in response to shifting organizational demands and external shocks.
During COVID-19, these adaptive dynamics became more visible, as surges in information
needs and emergency funding accelerated implementation timelines that had previously
been gradual and incremental. Recent national data from NACCHO’s 2022 Profile Study
show that 62.4% of LHDs have implemented electronic health records (EHRs), 78.0% have
implemented an electronic disease reporting system (EDRS), and 92.6% have implemented
an immunization registry (IR), illustrating how the pandemic coincided with a marked
increase in key health information systems compared with pre-pandemic LHD informatics
patterns. [5]. Pre-pandemic LHD informatics adoption was slow and uneven. In 2013,
only 22% of LHDs reported EHR implementation, up modestly from 19.3% in 2010, with
most using non-EHR systems for primary data storage. Immunization registries and basic
reporting tools were more common, whereas advanced integration, such as HIE, was used
by only 13%. Barriers such as costs, interoperability, and staffing constrained progress,
resulting in multi-year implementation cycles [6]. While pre-pandemic work focused on
structural predictors, post-COVID-19 studies emphasize dynamic factors such as staffing
changes and governance flexibility amid crises, few disaggregate HIS types (eCR vs. HIE)
or use recent datasets, leaving uncertainty about system-specific trajectories [7]. However,
research evidence indicates that emergency reassignments increased capacity. LHDs that
hired or reallocated staff had 1.3–2.5 times the odds of engaging in informatics activities.
Federal funding mitigated gaps, but turnover and burnout eroded gains in 20–30% of
agencies [8]. This study addresses these by examining workforce size/changes, population
served, and governance associations with six HIS in the 2022 NACCHO data.

More recent national assessments show that workforce stability, governance flexibility,
dedicated informatics staffing, and investment in interoperability infrastructure remain
the strongest predictors of readiness for data modernization and advanced public health
surveillance [9]. Rapid adoption of electronic reporting during the COVID-19 pandemic,
primarily through initiatives such as electronic case reporting (eCR Now), demonstrated
how emergencies can accelerate digital reporting and create essential implications for pub-
lic health informatics [10]. Significant data sharing gaps exist between state health agencies
(SHAs) and local health departments in critical areas [11]. Analysis of organizational factors
associated with gaps in data sharing revealed that 34.0% of LHDs experienced data sharing
gaps for childhood immunizations, 69.8% for vital records, and 81.8% for reportable condi-
tions [11]. Increased SHA technological capacity and larger organizational size reduced
the odds of experiencing these gaps [11]. The COVID-19 pandemic exposed longstanding
capacity gaps within the public health sector, with outdated technological infrastructure
significantly slowing the public health response on multiple occasions, from exchanging
laboratory results with healthcare facilities to conducting disease surveillance [12]. Several
states continued to report no ethnicity data as of September 2020. Although individual
health departments sought to close information gaps, persistent gaps in public health
surveillance and a lack of technical uniformity exacerbated pandemic inequities [12]. One
study notes that effective public health requires a workforce with capabilities in informa-
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tion technology and data management to enable departments to respond appropriately
to emerging health concerns and to develop capacity for online engagement with the
public [13]. The federal response included partnerships between the Office of the National
Coordinator for Health Information Technology (ONC) and the Centers for Disease Control
and Prevention (CDC) to support COVID-19 response efforts, emphasizing the crucial
role of health IT in collecting and reporting COVID-19 data and facilitating electronic
health information exchange strategies [13]. The COVID-19 pandemic accelerated digital
health transformation dramatically, with more changes occurring in March 2020 than in the
previous 20 years [14].

Local health departments vary considerably in HIT adoption rates, with only 13.5% im-
plementing health information exchanges and 22.2% adopting electronic health records [11,15].
Persistent workforce shortages, burnout, and ongoing interoperability challenges in infor-
mation systems indicate a critical need to strengthen LHDs’ infrastructure capacity and
governance frameworks to support resilient public health informatics [16]. A larger LHD
workforce tends to be an enabling factor in the implementation of electronic case reporting
(eCR), electronic health records (EHR), and immunization registries (IR). In contrast, shared
governance models promote the adoption of electronic laboratory reporting (ELR) and health
information exchange (HIE) [17]. The COVID-19 pandemic revealed significant gaps in local
health department informatics capacity [18]. The Technology–Organization–Environment
(TOE) framework explains adoption patterns across multiple contexts [13,14].

This study aims to examine organizational characteristics associated with the adoption
of health information systems among U.S. local health departments. Using a mixed-
methods approach, the study integrates secondary organizational data with qualitative
insights to understand better how workforce, governance, and contextual factors influence
health information system adoption.

2. Materials and Methods
2.1. Study Design and Research Questions

This study employed a cross-sectional mixed methods design to examine organi-
zational characteristics associated with the implementation of health information sys-
tems among U.S. local health departments. The quantitative component used secondary,
organizational-level data, and the qualitative component consisted of interviews with
local health department staff to provide context for the quantitative findings. The study
focused on the implementation of six health information systems, including electronic
case reporting, electronic disease reporting systems, electronic health records, electronic
laboratory reporting, health information exchange, and immunization registries, to identify
organizational and contextual factors associated with system adoption.

The quantitative analyses were conceptually informed by the Technology Organization
Environment framework, with emphasis on organizational and environmental domains
relevant to public health informatics. Organizational factors reflected workforce capacity,
staffing stability, and governance structure, whereas environmental factors encompassed
jurisdictional and governance contexts. Technology-specific characteristics were not di-
rectly assessed because the study used secondary data, and system implementation status
served as the technology adoption outcome. Qualitative interviews were used to explore
workforce, governance, and interoperability challenges and to support the interpretation of
quantitative findings.

2.2. Quantitative Data and Variables

Quantitative data for this study were drawn from the National Association of County and
City Health Officials (NACCHO) 2022 National Profile of Local Health Departments Study
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(referred to here as ‘Profile study’). The Profile is a national, triennial census of LHDs. With a
73% response rate, this population-based survey provides a detailed portrait of LHD funding,
staffing, governance, and activities, producing a robust representation of LHD infrastructure
and practice. From June to September 2022, 2319 LHDs completed an online survey, including
441 that responded to COVID-19-related questions, for a response rate of 38%.

Outcome Variables: Health Information Systems Implementation Status for the EDRS,
EHR, and ELR was captured using the categories “In Process of Implementation” and
“Have Implemented”, which were combined and compared against the combined “No
Activity” and “Do Not Know” categories. Response categories were combined when cell
counts were low to achieve optimal model fit. For eCR, all four original categories were
retained. For HIE and IR binary models, the same combined approach was used as for
EDRS/EHR/ELR.

Key Independent Variables (Staffing Measures): The staffing variables included in
the analysis captured both workforce size and changes in staffing levels. The variable
Change in Staffing was assessed using the question: “How many employees were laid off
between 1 January 2021 and 31 December 2021?” The number of staff laid off was indicated.
There were other questions used for this variable, including: how many employees did
your LHD hire for each of the following reasons between 1 January 2021 and 31 December
2021?; and for each programmatic area in which your LHD provided services during the
calendar year 2020, indicate how the level of service delivery changed during 2021 in terms
of budget or number of staff allocated to work in this area. These questions were not used
because they were collinear with the other independent variables. The other independent
variable used was full-time equivalent (FTE)/per 10,000 population. For this variable, the
question was: Indicate the number of individuals and the number of Full-Time Equivalents
who currently work for your LHD (number of individuals currently employed as full-time
employees) [16].

Similarly, additional questions were asked regarding the FTE variable, but only FTE
per 10,000 population was used to mitigate multicollinearity. A correlation matrix was
computed to assess the model’s fit before proceeding with inferential statistical analysis.
Contextual variables included in the model were LHD population size (small, medium, or
large), governance type (local, shared, or state), and LHD characteristics. These contextual
variables included FTE per 10,000 population and personnel changes during the COVID-19
pandemic. Contextual covariates included population size within LHD jurisdiction (small
(<50,000), medium (50,000–499,999), or large (≥500,000)) and governance classification
(local, shared, or state). These covariates helped account for structural and organizational
differences that may influence the adoption of health information systems.

2.3. Statistical Analysis

We performed descriptive analyses to characterize LHDs in the sample and bivariate
analyses to examine associations among changes in personnel, full-time equivalents (FTEs),
and system implementation outcomes. For five outcome variables, we computed binary
multivariable logistic regression models, as their implementation status could be effectively
dichotomized given the minimal proportion of “Don’t Know” responses. For eCR, a
significant percentage of LHDs indicated “Don’t Know” (22%). This high proportion
implied substantial uncertainty separate from both the non-adoption and implementation
response categories. Accordingly, we opted to perform multinomial logistic regression
for eCR to preserve all response categories and more precisely model distinctions among
implementation, in-process status, inactivity, and uncertainty. To assess and address
multicollinearity among staffing-related predictors, bivariate correlations were computed
before model building. Additionally, predictors were selected based on their theoretical
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relevance to the outcome variables rather than enforcing the inclusion of all variables across
all models to ensure appropriate alignment. Variables with high intercorrelation (r > 0.70)
were further evaluated, and the variable with greater theoretical relevance and lower
missing-data rates was retained. For example, although multiple FTE hiring measures
were available, only specific FTE counts and vacancy measures were included to reduce
redundancy. Final multivariable models included only staffing variables with acceptable
collinearity, as indicated by variance inflation factors (VIFs < 5.0) in preliminary diagnostics.

The NACCHO 2022 Profile survey provided sampling weights to account for non-
response and ensure national representativeness of descriptive statistics. However, re-
gression models were conducted on unweighted data. This decision was made because
(1) the analytic focus was on organizational-level associations rather than population-level
prevalence estimates, (2) weighted regression can reduce statistical power in moderate
sample sizes, and (3) key covariates (governance type, population size) were used as strati-
fication variables in the survey design, partially accounting for sampling structure within
the regression framework itself. We performed all quantitative analyses using IBM SPSS
Statistics, version 29.0 (IBM Corp., Armonk, NY, USA) [15].

2.4. Qualitative Data Collection and Thematic Analysis

Qualitative data were collected and analyzed to understand how factors such as work-
force change shape the implementation of and interaction with informatics. To align the
qualitative interviews with the study’s focus on health information system adoption, the
interview guide included questions on how pandemic-related workforce conditions influ-
enced informatics use and implementation. These questions helped bridge the quantitative
components of study by ascertaining (a) how staffing shortages, turnover, or reassignment
affected the adoption or use of information systems; (b) whether information systems were
modified or updated during the pandemic and challenges in doing so; (c) challenges related
to staff training or system interoperability under increased workload and political pres-
sures; and (d) how leadership decisions and governance context shaped informatics-related
responses during COVID-19.

Participants were initially solicited via email, and further participants were recruited
through word of mouth (snowball sampling), in which respondents were asked to recom-
mend others for the interview. Study participants met the following criteria: they must have
worked for a local health department, engaged in COVID-19-related activities, and been
willing to participate online and complete a follow-up interview. The email recruitment
process began by reaching out to contacts and to people recommended by contacts. Ten
participants were solicited, and five participants from the LHDs in Georgia and California
agreed to participate. While the political landscapes in Georgia and California differ, it
was desirable to include a variety of perspectives on how state governments viewed and
responded to COVID-19. Email-informed consent was obtained, and Zoom was used for
the semi-structured interviews. The qualitative sample size and recruitment strategy were
guided by the study’s exploratory aims rather than by an intention to achieve thematic
saturation. The goal was to capture a range of roles, experiences, and organizational
perspectives related to health information systems implementation during the COVID-19
pandemic, rather than to represent all local health departments comprehensively. Inclusion
criteria were designed to ensure participants had direct experience with informatics-related
activities during the pandemic. At the same time, recruitment via email and snowball
sampling facilitated the identification of informants holding diverse positions within local
health departments. This approach prioritized diversity of perspectives across governance
contexts and workforce roles to inform interpretation of the quantitative findings and to
surface contextual factors influencing health information system adoption. The principal
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researcher led the interviews and reminded participants of their voluntary participation.
Next, the data were transcribed. Irrelevant material was deleted, and extraneous circum-
stantial data was removed. Transcripts were read numerous times for quality checks. To
establish credibility, we used independent dual coding coupled with structured remedia-
tion of coding differences. Given the exploratory design and small sample, we did not aim
for thematic saturation; instead, the qualitative component was intended to contextualize
quantitative associations.

Data were coded inductively in NVivo by two independent coders, using a two-step
coding reconciliation to ensure coding reliability. Coders used a dedicated coding strategy
and compared findings one-on-one. Discrepancies were resolved through consensus and
open, constructive discussion, and the agreed-upon data coding structure was applied to
all transcripts for analysis.

3. Results
3.1. Quantitative Results

Nearly half (49.9%) of LHDs had implemented Electronic Case Reporting, 78.0% had
implemented an Electronic Disease Reporting System, 62.4% had implemented Electronic
Health Records, 57.2% had implemented Electronic Lab Reporting, 92.6% had implemented
Health Information Exchange, and 92.6% had implemented an Immunization Registry
(Table 1). Over half of the LHDs (55.8%) reported serving a small population. For gover-
nance classification, 74.6% reported being local, 20% self-reported as state-governed, and
5.4% reported being shared-governed.

Table 1. Number and percent of LHD characteristics from the NACCHO 2022 Profile Study Survey.

LHD Characteristic Number Percent (Weighted)

Total number of LHDs 441
LHD Population Served

<50,000 (small) 246 55.8
50,000–499,000 (medium) 162 36.7
500,000+ (large) 33 7.5

Governance Classification
Local 329 74.6
Shared 24 5.4
State 88 20.0

Informatics
Electronic Case Reporting (eCR)

No Activity 103 24.0
Implemented 214 49.9
In Process 18 4.2
Don’t Know 94 21.9

Electronic Disease Reporting System
No Activity 50 11.6
Implemented 337 78.0
In Process 7 1.6
Don’t Know 38 8.8

Electronic Health Records
No Activity 94 21.8
Implemented 269 62.4
In Process 50 11.6
Don’t Know 18 4.2
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Table 1. Cont.

LHD Characteristic Number Percent (Weighted)

Electronic Lab Reporting
No Activity 126 29.3
Implemented 246 57.2
In Process 30 7.0
Don’t Know 28 6.5

Health Information Exchange
No Activity 14 3.2
Implemented 402 92.6
In Process 6 1.4
Don’t Know 12 2.8

Immunization Registry
No Activity 14 3.2
Implemented 402 92.6
In Process 6 1.4
Don’t Know 12 2.8

Note: Totals may not sum to 441 due to item-level missing responses. The NACCHO 2022 Profile Study includes
variable-specific nonresponse; therefore, category counts for individual informatics systems reflect only LHDs
that provided valid responses to that specific item.

Characteristics of LHDs significantly associated with implementation of the Electronic
Disease Reporting System included the number of FTE contractual vacancies and a medium
population size (Table 2). Specifically, LHDs with an additional contractual FTE vacancy
had odds of implementing or being in the process of implementing the Electronic Disease
Reporting System (EDRS) (compared with no activity or unknown status) that increased by
1.091 (AOR = 1.091, p = 0.015). Medium-sized LHDs (serving 50,000 to 499,999 population) had
2.79 times higher odds of having implemented or being in the process of implementing EDRS
compared to small LHDs (serving less than 50,000 population) (AOR = 2.790, p = 0.003).

Table 2. Binary Logistic Regression of LHD Implementation for Electronic Disease Reporting System
(EDRS), Electronic Health Records (EHR), and Electronic Lab Reporting (ELR) from NACCHO 2022
Profile Study Survey.

LHD Characteristic
EDRS Implemented & In
Process vs. No Activity &

Don’t Know

EHR Implemented & In
Process vs. No Activity &

Don’t Know

ELR Implemented & In
Process vs. No Activity &

Don’t Know

AOR p-Value AOR p-Value AOR p-Value
Number of FTE Contractual Vacancies 1.091 0.015 — — — —

Number of Vacancies Filled due to
Turnover 2.727 0.701 — — — —

Number of FTE — — 1.054 0.000 1.003 0.386
Number of Layoffs (staffing cuts) — — 0.953 0.852 1.445 0.219

Population Served
<50,000 Population Served (small) Ref. — Ref. — Ref. —
50,000–499,999 Population Served

(medium) 2.790 0.003 0.749 0.421 2.208 0.005

500,000+ Population Served (large) 0.209 0.067 2.190 0.998 5.065 0.145
Governance Structure

State Governance Classification Ref. — Ref. — Ref. —
Local Governance Classification 1.473 0.727 0.058 0.005 2.336 0.231

Shared Governance Classification 0.760 0.364 6.701 0.000 7.348 0.000

Note 1: Dashes (—) indicate variables that were not included in the final model for a specific outcome. Independent
variables were initially selected based on theoretical relevance, data completeness, and model-specific diagnostics
for each health information system, rather than imposing a uniform set of predictors across all models. Only
variables retained in the final adjusted models are shown in the table. Note 2: AORs in bold indicate statistical
significance at p ≤ 0.05. Abbreviations: FTE, Full-Time Equivalent; EDRS, Electronic Disease Reporting System;
EHR, Electronic Health Records; ELR, Electronic Lab Reporting. Ref., reference category.

Figure 1 presents the percentage of LHDs that have implemented various information
by population size. LHDs serving medium-sized LHDs had higher implementation rates
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for several systems, including immunization registries, EDRS, and HIEs, compared to small
LHDs. Large LHDs showed relatively high adoption for EHRs and ELRs.

Figure 1. Implementation of Health Information Systems by Local Health Departments (LHDs) by
Size of Population in LHDs’ Jurisdiction.

Figure 2 shows the variation in the implementation of the information systems by
governance structure relative to the state health agency’s authority. The LHDs with shared
governance had a higher percentage of current implementation of IR, EDR, ELR, and HIE
compared to state-governed and locally governed LHDs. Variation also existed in EHR
implementation rates across governance categories, with locally governed LHDs reporting
lower adoption relative to state- or shared-governed LHDs.

Figure 2. Implementation of Health Information Systems by Local Health Departments (LHDs) by
Type of LHD Governance Authority Relative to State Health Department.
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Characteristics of LHDs significantly associated with the implementation and in-
process status of Electronic Health Records (EHR) included the number of full-time FTEs
and governance classification (Table 2). Specifically, LHDs with an additional full-time
employee (FTE) were associated with a higher odds of implementing or in the process of
implementing EHR (compared with no activity or unknown status) (AOR = 1.054, p < 0.001).
Locally governed LHDs had 94.2% lower odds of implementing or being in the process of
implementing EHRs compared to state-governed LHDs (AOR = 0.058, p = 0.005). The odds
of shared governance LHDs (compared to state governance LHDs) implementing or being
in the process of implementing EHR were 6.70 times higher (AOR = 6.701, p < 0.001).

For Electronic Laboratory Reporting (ELR), medium population size and shared
governance were significantly associated with implementation (Table 2). Medium-sized
LHDs had higher odds of ELR implementation compared to small LHDs (AOR = 2.208,
p = 0.005). Shared-governance LHDs had substantially higher odds of ELR implementation
compared to state-governed LHDs (AOR = 7.348, p < 0.001).

Table 3 presents binary logistic regression results for Health Information Exchange
(HIE) and Immunization Registry (IR) implementation. For HIE, medium population size
and shared governance were significantly associated with implementation status. Medium-
sized LHDs had higher odds of HIE implementation compared to small LHDs (AOR = 1.89,
p = 0.042). Shared-governance LHDs had higher odds of HIE implementation compared to
state-governed LHDs (AOR = 1.83, p = 0.040).

Table 3. Binary logistic regression of LHD implementation status for health information exchange
and immunization registry.

Health Information Exchange Immunization Registry

LHD Characteristic AOR p-Value AOR p-Value

Staffing Variables
Number of Full-Time FTE 1.01 0.071 1.08 <0.001
Number of Part-Time FTE 1.05 0.147 2.35 <0.001

Number of Contractual FTE 0.98 0.411 6.44 0.265
Number of Seasonal FTE 0.63 0.098 5.25 0.898

Number of Full-Time FTE Vacancies 0.99 0.362 0.91 <0.001
Number of Part-Time FTE Vacancies 0.93 0.451 1.29 0.663

Number of Contractual FTE Vacancies 1.03 0.238 5.86 0.578
Number of Seasonal FTE Vacancies 3.00 0.631 0.00 a 0.870

Staffing Changes
Number of Layoffs 1.92 0.256 6.68 0.835

Number of Employees Lost by Attrition &
Not Replaced 1.27 0.173 5.72 0.859

Number of Employees with Hours Reduced 1.48 0.666 1.03 0.960
Number of Employees on Mandatory Furlough 0.00 a 1.000 0.08 0.997

Number of New Positions Filled 1.00 0.870 0.78 <0.001
Number of Vacancies Filled to Lift Hiring Freeze 2.17 0.150 8.20 0.964

Number of Vacancies Filled due to Turnover 0.98 0.294 1.18 <0.001
Population Served

<50,000 (small) Ref. — Ref. —
50,000–499,999 (medium) 1.89 0.042 1.51 <0.001

500,000+ (large) 0.23 0.326 1.50 0.922
Governance Structure

State Governance Ref. — Ref. —

Local Governance 1.22 0.803 1.09 0.873

Shared Governance 1.83 0.040 2.35 <0.001

Note: AORs in bold indicate statistical significance at p ≤ 0.05. AOR = adjusted odds ratio. Dependent variable:
Implemented & In Process vs. No Activity & Don’t Know. a AOR = 0.00 indicates the odds ratio could not be
reliably estimated due to sparse data or quasi-complete separation in the model.
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For Immunization Registry implementation, full-time FTEs, part-time FTEs, full-time
FTE vacancies, new positions filled, and vacancies filled due to turnover were significantly
associated with implementation (Table 3). Each additional full-time FTE was associated
with higher odds of IR implementation (AOR = 1.08, p < 0.001), and each additional part-
time FTE showed substantially higher odds (AOR = 2.35, p < 0.001). However, full-time
FTE vacancies were associated with lower odds (AOR = 0.91, p < 0.001), new positions
filled were associated with lower odds (AOR = 0.78, p < 0.001), and vacancies filled due
to turnover were positively associated (AOR = 1.18, p < 0.001). Compared to small-sized
LHDs (reference category), medium-sized LHDs had higher odds of IR implementation
(AOR = 1.51, p < 0.001). Also, compared to state-governed LHDs (reference category),
shared-governed LHDs had higher odds of IR implementation (AOR = 2.35, p < 0.001).

Multinomial logistic regression examined eCR implementation stages, with “No Ac-
tivity” as the reference (Table 4). For LHDs that had implemented eCR versus no activity,
full-time FTEs and governance structure were significantly associated. Each additional
full-time FTE increased the odds of eCR implementation (AOR = 1.014, p = 0.027). Locally
governed LHDs had lower odds of eCR implementation compared to state-governed LHDs
(AOR = 0.365, p = 0.017). For LHDs in the process of implementing eCR versus no activity,
full-time FTEs remained significant (AOR = 1.013, p = 0.035). For LHDs reporting “Don’t
Know” status versus no activity, local governance showed significantly lower odds com-
pared to state governance (AOR = 0.173, p < 0.001), suggesting that locally governed LHDs
may have less awareness of their eCR implementation status. Variables for contractual
FTE vacancies and vacancies filled due to turnover were excluded from the final eCR
multinomial model due to sparse data and quasi-complete separation issues.

Table 4. Multinomial Logistic Regression of LHD Implementation of Electronic Case Reporting (eCR).

Electronic Case Reporting (eCR)
Implemented

vs. No Activity
Implemented

vs. No Activity
In Process vs.
No Activity

In Process vs.
No Activity

Don’t Know vs.
No Activity

Don’t Know vs.
No Activity

LHD Characteristic AOR p-Value AOR p-Value AOR p-Value
Staffing Variables

Number of Full-Time FTE 1.014 0.027 1.013 0.035 1.011 0.068
Number of Layoffs 1.105 0.682 1.030 0.923 1.127 0.625

Number of FTE Contractual
Vacancies

Number of Vacancies Filled
due to Turnover

Population Served
<50,000 (small) Ref. — Ref. — Ref. —

50,000–499,999 (medium) 7.326 0.092 0.797 0.939 0.410 0.473
500,000+ (large) 9.345 0.092 0.889 0.939 2.697 0.473

Governance Structure
State Governance Ref. — Ref. — Ref. —
Local Governance 0.365 0.017 0.325 0.153 0.173 p < 0.001

Shared Governance 0.316 0.230 0.492 0.636 0.343 0.281

Note 1: The reference category is “No Activity.” Adjusted odds ratios compare each implementation stage
(Implemented, In Process, Don’t Know) with the reference category. Dashes (—) indicate variables excluded from
the final multinomial model due to sparse data or model instability. Independent variables were selected based
on theoretical relevance, data completeness, and model diagnostics; only variables retained in the final adjusted
model are presented. Note 2: AORs in bold indicate statistical significance at p ≤ 0.05. AOR = adjusted odds ratio.

3.2. Qualitative Results

Participant Characteristics: A diverse sample of LHD employees encompassed a broad
range of experiences across various jobs, comprising five participants (two men and three
women) aged 29–52. The qualitative arm of this study included an epidemiologist, a
public health director, a health educator, an environmental health specialist, and a public
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information officer. All job functions encompassed a broad range of experience, from
5 to 25 years. The interviewees, representing diverse ages and genders, held various
occupations (ranging from entry-level employees to supervisors) and had varying levels
of expertise and experience within their local health departments. Of the 5 participants
included in the study, 3 were from Georgia and 2 were from California (Table 5).

Table 5. Participant characteristics (5 interviewees).

Participant ID Gender Age Job Role Years of Experience State

P1 Female 34 Epidemiologist 10 Georgia
P2 Male 45 Public Health Director 20 California
P3 Female 29 Health Educator 5 Georgia
P4 Female 37 Environmental Health Specialist 12 California
P5 Male 52 Public Information Officer 25 Georgia

Overview of Emergent Themes:
Respondents highlighted several issues regarding LHDs and the utilization of infor-

matics in these conversations. Discussions with interviewees elucidated multiple interre-
lated themes (Table 6) that emerged during the early days of the pandemic response: staff
frustration and burnout, lack of staff support, staff resilience, high levels of staff turnover,
and changes influenced by political pressures. The first theme, employee burnout and
dissatisfaction, was mentioned by every interviewee and reflected the intense strain on local
health staff. The second theme, high personnel turnover, often overlapped with burnout
and contributed to significant disruptions in informatics implementation. These themes
characterize how LHDs adopted and used informatics systems during the pandemic.

Table 6. Primary themes and sub-themes in LHD include changes in the work environment, changes
in informatics, and recommendations for success due to COVID-19 (5 interviewees).

Changes in Work Environment Due to
COVID-19

Changes in Informatics Due to
COVID-19

Recommendations for a Successful Work
Environment During a Pandemic

Themes/Subthemes # Themes/Subthemes # Themes/Subthemes #

Staff frustration and
burnout 5 Staff differences 2 Working together as a

team 5

Staff support 2 Leadership and
teleworking 2 Political neutrality 2

Staff resilience 2 Improving
informatics usage 4 Making public health

credible 2

Staff turnover 4 QI and QA 3 Improving scientific and
medical literacy 1

Change due to politics 2 Interoperability
issues 5 Continuous support and

resources 4

Interviewees described the use of informatics in their local health departments both
before and during the COVID-19 pandemic, enabling comparison of practices before and
after the onset of the public health emergency. Before the pandemic, all participants reported
that their LHDs utilized specification tools, including software and electronic health records
(EHRs). However, the pandemic brought several challenges and opportunities for change.
Interviewees identified multiple themes of change related to these experiences, including
differences in staff roles and capabilities; leadership adaptations, including telework; efforts
to improve informatics use; enhanced quality improvement (QI) and quality assurance
(QA) processes; and persistent interoperability issues. Interoperability emerged as a critical,
ongoing problem, as the urgent need to scale up data collection and reporting during the
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pandemic exposed gaps in system integration. At the same time, LHDs accelerated their
development of informatics capacity through improved leadership strategies and quality
assurance, highlighting both challenges and progress in pandemic response informatics.

Theme 1. Burnout, Role Ambiguity, and Staff Dissatisfaction
The pandemic drastically changed working conditions in LHDs, resulting in widespread

staff dissatisfaction. Line workers were regularly moved to new roles, work hours exceeded
demand, and adequate supervision was unavailable. Continuous reassignment and unclear
communication about roles and responsibilities further compounded the already challeng-
ing environment for effective informatics use. Burnout was also driven by the lack of clarity
regarding duties and roles, and rapidly changing state and federal guidelines:

You get these new hires or people reassigned to you, and then there is something on my calendar,
and I join the meeting with nurses working on vaccines, and I am like, what is this? Then you have
a staff meeting in the morning, and a couple of hours later, the state or the CDC comes out with new
guidance that goes into effect, and we then meet again and say forget what we said in the morning,
and it is crazy.

Theme 2. Staff Turnover and Its Antecedents and Consequences
Increased turnover may have been both a cause and an effect of growing frustration

and burnout. Employees became upset when they learned that newly hired, non-public
health staff were being paid higher salaries than they were; their frustration turned to re-
sentment when people began resigning, and that resentment, combined with high turnover,
led to even more resignations. This further stressed the informatics systems as new staff
had to be onboarded, trained, and incorporated. I mean, I think people are burnt out just from
like, there’s like an intensity to the work and shifting to totally new jobs, and then sometimes multiple
months later, you’re shifting to another job. It’s really tiring...That’s not the way an organization is
supposed to be or run. It’s a bunch of chickens with their heads cut off running doing stuff because
people are getting moved in and out. Another participant said: You kind of get these new hires or
people reassigned to you, and then there’s something on my calendar, and I join the meeting with
nurses working on vaccines, and I’m like what’s this?

Emerging subthemes highlighted the antecedents and consequences of staff turnover
during the pandemic period: Pay Discrepancies: Present staff were demoralized and
upset upon learning that new employees were paid less. Financial Differences resulted
in inefficiencies; frustrated staff were less motivated to use new systems: So, the people
we brought in who were not public health professionals were paid more than our public health
professionals, which caused huge issues. We had a 100% turnover in my program in 2021, except for
me. I am the only one out of 22 people that’s left. Capacity Issues: The resulting turnover created
substantial capacity issues. It also increased stress levels and underscored the importance
of well-done informatics to manage the workload: We were also limited to what we could share
because of staffing. So, we did not have staff. In March 2020, I was one of 2 epidemiologists covering
the 13-county area with half a million people. Telework Tensions: Stakeholders agreed that the
threat of COVID-19 necessitated the need for telework, but this created tension between
the leadership and staff, layering even further tension/frustration that underscores the
importance of informatics systems being in place to support telework: We are in the clinical
business. We have to see patients; not everybody can telework. Luckily, not everybody left at one
point in time. They left over a whole six months to eight months.

Theme 3. Interoperability and Data Governance Challenges
Although LHDs could feasibly collect and report their data, the State reported data

that needed more reflection. A related big goal for the pandemic was increasing attention to
equity and how to reach and target marginalized groups. We were excited that a few LHDs
(for instance) were considering this as a goal for their pandemic response and ensuring
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their systems were culturally sensitive and made sense to their target population(s): n of
the LHDs due to duplicate entries.

The numbers differed after a few weeks to where we knew ours were accurate because each
county sends their stuff to us, and we are tabulating the numbers. . . . We would look at the number
of vaccines given and the number of cases, and we knew that our epidemiology team was keeping up
with it. We knew ours was accurate, but suddenly, the State’s numbers went way ahead of ours,
and we were like, what is accounting for this? So, we pulled our team through it all, and there were
duplications. Moreover, there was such a vast amount. They needed more resources or the team to
clean up their data so we could monitor this stuff daily. We are cleaning up as we go. They are not.
They need to clean it up on their end. . .

Theme 4: Informatics Adaptation and System Improvement
There were silver linings in the cloud of pandemic-related anxieties and deaths; for

example, informatics was enhanced to accelerate the application of disaster science. LHDs
were able to call attention to aspirations for funding that could translate into infrastructure
improvement:

They are just putting money towards it to improve its infrastructure. So that has been
something constructive. We moved to the cloud, our system, and it probably will not crash anymore.

The new IT base was relatively easy to use, and almost all within LHDs could use it.
The IT infrastructure, everything flipped within one week to allow people to use their VPN

at home and have the entire DPH workforce do that, and the whole county workforce, essentially,
which before people would say that they did not have the number of licenses, they did not have the
infrastructure to do that, and they just made it happen. So that is like, there is a way.

Quality Improvement (QI) and Quality Assurance (QA): Luckily, the majority of the LHD
leaders we interviewed were aware of these issues and explained that leadership was well-informed
about the interoperability and data standardization issues during the COVID-19 pandemic and
utilized some of their QI and QA skills to create protective force fields against the harmful effects:

They may have been interpreting it differently as well. However, they may have had data needs
we were not collecting, so we are trying to bridge those gaps. Moreover, make sure everybody is
trained in the things. However, also, we have data collection talking to the program people.

A related big goal for the pandemic was increasing attention to equity and how to
reach and target marginalized groups. We were excited that a few LHDs (for instance) were
considering this as a goal for their pandemic response and ensuring their systems were
culturally sensitive and made sense to their target population(s):

But we had to take on this technology piece. Okay, how do we make this accessible to the staff?
And then also, would you like to try to include equity in the patients we are trying to reach? Like,
are we reaching the population? Do we have the language line accessible, like, that kind of thing?

In summary, burnout, role ambiguity, and staff dissatisfaction were closely intertwined
with developments in informatics during the COVID-19 pandemic. Rapid changes to work-
flows, along with the need to adopt new informatics tools while maintaining existing
systems, intensified stress and fatigue among LHD staff. These pressures contributed to
workforce dissatisfaction and operational challenges. Those challenges included issues re-
lated to data discrepancies and reporting requirements. Overall, these perceptions highlight
how the expansion of informatics and workforce strain reinforced one another during the
pandemic response. Together, the qualitative findings help contextualize the quantitative
results and underscore how workforce conditions and informatics demands jointly shaped
LHD adoption of health information systems during the COVID-19 pandemic.

Together, the quantitative and qualitative results address the study aim by demon-
strating how organizational characteristics, including workforce capacity, staffing stability,
governance structure, and population context, are associated with variation in health in-
formation system adoption across local health departments. Quantitative associations
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between staffing levels, governance type, and system implementation were complemented
by qualitative findings that illustrated how workforce strain, turnover, leadership decisions,
and interoperability challenges shaped real-world adoption and use of health information
systems during the COVID-19 pandemic.

4. Discussion
The COVID-19 pandemic has brought to light some long-neglected, fundamental

infrastructure issues related to LHDs. This study focuses on the role of personnel num-
bers, governance structures, and data management in these units. Specifically, this study
examined how the COVID-19 pandemic has affected the deployment of electronic health
systems within LHDs and the extent to which they are used to improve the management
of the pandemic and other disease outbreaks. The combined quantitative and qualitative
findings have identified critical gaps that must be addressed to better prepare our public
health institutions for the next round of crises and to shed light on how the unprecedented
pressures of the pandemic have affected health informatics management.

One key takeaway is the critical role of adequate staffing in the adoption and operation
of electronic health systems. The study shows that LHDs were more likely to establish core
systems, such as Immunization Registries and EDRS, with higher staff and relative full-time
(FTE) employee levels. Besides making the uptake and the use of such technology smoother,
adequate staffing also improves data management during public health emergencies and
mitigates worker burnout [11]. The COVID-19 pandemic offers an exemplary test case for
this expectation: In its most severe periods, rapid and effective viral containment relied
heavily on the timely administration and implementation of public health measures by
health departments, both directly and indirectly.

These analyses also identify critical issues that undermine the usefulness and sus-
tainability of an informatics system, such as high staff turnover and burnout. Informatics
systems necessitate mass onboarding and training of new personnel to maintain operations.
This process can lead to inefficiencies and system-use errors due to high turnover rates.
The COVID-19 pandemic’s impact on staff numbers has heightened the need for methods
to maintain efficient, sustainable workforce models that minimize the adverse effects of
employee turnover on public health operations. They argue that initiatives like the Public
Health Workforce Loan Repayment Plan, which provides annual funding of up to $50,000
for public health services, offer a viable strategy to stabilize the data-driven workforce
essential to contemporary surveillance and emergency response. Properly funded and
implemented, these incentives can address the staffing shortages highlighted in this study
by enhancing the competitiveness of public health positions for recent graduates with
specialized skills.

This study focuses on how shared governance impacts the adoption of health IT
systems, particularly for ELR, EHR, and HIE, resource allocation, and staffing challenges.
As LHDs adopted several cutting-edge technologies, such as Electronic Lab Reporting
(ELR) and Electronic Health Records (EHRs), at higher rates, LHDs with shared governance
achieved higher adoption rates of these technologies. Shared governance enables more
flexible, adaptive resource utilization to meet public needs, which is crucial during public
health crises. Therefore, this framework emphasizes the importance of strong governance in
technology adoption by combining resources and negotiating more effectively with vendors.
On the other hand, deploying and managing technologies became more challenging for
LHDs with limited governance, underscoring the need for a flexible governance structure
to address the public health crisis.

Our study had several limitations. Noteworthy problems in the study design include
the use of quantitative data that may reflect only the overall US experience, potentially
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limiting the generalizability of the results. Furthermore, the study’s cross-sectional ap-
proach would capture only a single time point rather than the longitudinal dimension of
the survey, thereby limiting its ability to assess how the deployment of the electronic system
would influence public health outcomes and LHD performance over time. Also, although
the sample was nationally representative, the findings for small subgroups, particularly
local health departments with shared governance, should be interpreted cautiously due to
limited sample sizes. Finally, as highlighted in the qualitative findings, the system works,
and acceptance differs across LHDs, which could introduce bias into some quantitative
results. To strengthen rigor, trustworthiness, and transparency in the qualitative component
of this mixed-methods study, several validation strategies were employed. Qualitative data
were independently coded by more than one member of the research team, followed by
dual coding reconciliation through structured meetings to review discrepancies and reach
consensus. Regular analytic meetings were held to discuss emerging themes, challenge
interpretations, and ensure alignment between data and findings. In addition, reflective
memoing was used throughout the analytic process to document analytic decisions, track
evolving interpretations, and enhance reflexivity. These strategies support the credibil-
ity and reliability of the qualitative findings despite inherent limitations associated with
cross-sectional designs and variation in local health department contexts.

This study provides a valuable synthesis of data on the challenges posed by the
COVID-19 pandemic that had previously been latent realities in LHDs. The data shows the
importance of robust data management protocols, effective governance frameworks, and
adequate staffing. Public health systems could enhance their preparedness and responsive-
ness to the next public health emergency by prioritizing these critical areas. Future research
should build on these results by further exploring longitudinal effects and by developing a
roadmap to enhance the resilience and effectiveness of health informatics systems in the
face of current and future crises.

This research also points to improved data linkages and customized informatics
solutions. LHDs serving mid-sized populations often developed custom systems (though
small and large populations showed higher odds of implementation of certain systems)
for Electronic Laboratory Reporting (ELR) and Health Information Exchanges (HIE) to
meet their unique needs and improve responsiveness to community health needs [5].
Custom-made solutions have helped enhance operational success while working with
staffing and resourcing challenges and helped LHDs work through national emergencies
and pandemics such as SARS, H1N1/Swine Flu, Ebola, and Zika. In addition to improving
interoperability, building upon the existing models from local public health has a good
track record of facilitating the collection and combining of all forms of data in a spatially
enhanced data infrastructure. Several positive evolutions with the pandemic highlighted
critical problems with data quality and interoperability, revealing the need for increased
data standards and integration to create robust approaches to upload, share, and make
data usable. Robust quality improvement (QI) and quality assurance (QA) processes are
essential to achieve this and ensure reliable data handling. They include stacked elements of
frequent staff training and ongoing process review [5,11]. Future research should build on
these results by further exploring longitudinal effects and developing a roadmap to make
health informatics systems more resilient and effective when faced with current and future
crises [11]. Additionally, future research should build on these results by further exploring
longitudinal effects and developing a roadmap to make health informatics systems more
resilient and effective when faced with current and future crises, in line with broader calls
to transform public health data systems and modernize infrastructure after COVID-19 [19].

This study adds substantially to the existing evidence on LHDs’ informatics capacity.
Instead of using a composite measure of informatics capacity, we disaggregate adoption

https://doi.org/10.3390/informatics13030040

https://doi.org/10.3390/informatics13030040


Informatics 2026, 13, 40 16 of 18

across six distinct public health information systems. We use the most recent nationally
representative data collected during the COVID-19 period. In addition, we model eCR
using multinomial regression, using categories that retain implementation uncertainty.
Most importantly, we use qualitative data to contextualize workforce and governance
mechanisms underlying observed adoption patterns. By integrating quantitative analyses
of organizational characteristics with qualitative accounts of workforce and governance
experiences, this mixed-methods study directly addresses its aim of examining factors
associated with health information system adoption among local health departments. The
combined findings highlight that health information system adoption is not driven by
technology alone, but by the interplay of staffing capacity, governance flexibility, and orga-
nizational context, underscoring the value of mixed-methods approaches for understanding
complex public health informatics implementation.

5. Conclusions
The research employs a mixed-methods approach that uses of both quantitative and

qualitative data to examine the adoption of six public health information by LHDs using
national survey data and qualitative interviews. The quantitative data suggest a high
level of acceptance of critical systems, which varied substantially across several factors.
Qualitative data identified operational challenges, including employee turnover, fatigue,
and data quality/interoperability, particularly during the implementation of electronic
health systems. The findings imply that a deeper understanding of how adequately staffed
and well-governed health organizations affect the success of electronic health systems could
lead to improved performance in public health through this integrated approach. The
study’s findings on disparities between data produced at the local and state levels indicate
the need to emphasize improved data integration and standardization. More importantly,
we need to prioritize efforts to improve the accuracy and interoperability of health data.
In enhancing public health reporting and response capacities, the quality of public health
statistics and the availability of seamless data transfer across platforms are crucial. In
the long run, research is needed to understand the effects of governance structures on
technology adoption. It is essential to understand the roles of different governance models
in the successful deployment of health informatics systems to inform the development of
more appropriate public health informatics strategies and policies.
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