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Abstract 

The integration of artificial intelligence (AI) into public health practice presents transformative 

opportunities for epidemiological surveillance and decision-making, yet municipal health 

departments face critical gaps in workforce AI competency and ethical implementation 

frameworks. This mixed-methods research examines the impact of a structured Machine 

Learning and Ethical AI Training program on workforce competency and epidemiological 

decision-making across 12 municipal health departments in the United States. The study 

employed a pre-post intervention design with 240 public health professionals, combining 

competency assessments, predictive model performance evaluation, and qualitative interviews 

with department leaders. The Random Forest model for disease outbreak prediction achieved an 

accuracy of 89.4% (AUC = 0.91) when deployed by trained personnel, compared to 76.2% 

(AUC = 0.79) when utilized by untrained staff, representing a statistically significant 

improvement (p < 0.01). Training intervention significantly enhanced AI literacy across 

technical, ethical, and applied domains (p < 0.001), with the strongest gains observed in 

algorithmic bias detection and mitigation competencies. This study contributes a validated 

competency framework and replicable training model for municipal health departments. Findings 

indicate that ethical AI training must be integrated alongside technical skill development to 



achieve the full potential of machine learning tools in public health practice. The research 

provides actionable recommendations for workforce development, policy formulation, and AI 

implementation strategies at the local health department level. 

Keywords: Artificial Intelligence Literacy, Public Health Workforce, Machine Learning, 

Epidemiological Decision-Making, Ethical AI Training, Municipal Health Departments 

 

 

 

1. Introduction 

1.1 Background 

Artificial intelligence is fundamentally reshaping public health practice, from disease 

surveillance to policy development and health communication . Machine learning algorithms 

have demonstrated remarkable capabilities in real-time disease forecasting, precise risk 

stratification, and rapid outbreak detection, offering powerful new tools for data-driven public 

health decision-making . The COVID-19 pandemic exposed both the potential and the 

limitations of existing public health data infrastructure, accelerating interest in AI-driven 

solutions for epidemiological surveillance and response. Recent initiatives, such as Cali, 

Colombia's Dengue.AI project, demonstrate how predictive and prescriptive AI models can 

anticipate outbreaks weeks in advance, optimizing resource allocation and strengthening 

institutional response capabilities . Similarly, Essex County, New Jersey, has pioneered the 

integration of geospatial AI into daily public health operations, using predictive modeling to 

proactively manage influenza and rodent-related risks . 

Despite these promising applications, the adoption of AI in municipal health departments 

remains uneven, hampered by significant workforce competency gaps and institutional readiness 

challenges . A scoping review of AI in public health education found that while AI holds great 

promise for enhancing workforce competency development, significant ethical concerns around 

algorithmic bias, institutional disparities in readiness, and equitable access remain 

underexplored . The World Health Organization has emphasized the urgent need for AI literacy 

as a core competency for the next generation of healthcare professionals . However, formal AI 

training remains absent from most public health programs, leaving professionals to acquire these 

skills through informal or ad hoc methods . 

1.2 Problem Statement 

Municipal health departments operate at the frontline of public health practice, responsible for 

disease surveillance, outbreak investigation, and community health intervention. The increasing 

availability of machine learning tools promises to enhance these functions, yet significant 
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barriers impede their effective implementation. First, public health professionals lack structured 

training in AI principles, machine learning applications, and ethical AI governance, limiting their 

capacity to critically evaluate, deploy, and interpret AI-generated insights . Second, the absence 

of validated competency frameworks for AI literacy in public health practice hinders workforce 

development efforts. Third, limited empirical evidence exists on the impact of AI training on 

actual epidemiological decision-making outcomes in municipal settings, making it difficult for 

policymakers and health department leaders to justify investment in AI capacity building. 

While prior research has examined AI applications in public health and identified workforce 

competency gaps , no study has systematically evaluated the impact of structured AI and ethical 

training on public health workforce competency and epidemiological decision-making outcomes 

in municipal health departments. This gap leaves health department leaders without evidence-

based guidance on how to effectively prepare their workforce for AI integration, what 

competencies should be prioritized, and what impact such training may have on operational 

outcomes. 

1.3 Objectives of the Study 

General objective: To evaluate the impact of a structured Machine Learning and Ethical AI 

Training program on public health workforce competency and epidemiological decision-making 

outcomes in municipal health departments. 

Specific objectives: 

1. To assess baseline AI literacy levels among public health professionals in municipal 

health departments, including technical knowledge, ethical awareness, and applied 

decision-making competency. 

2. To develop and validate a competency-based Machine Learning and Ethical AI Training 

framework tailored to municipal health department needs. 

3. To evaluate the impact of the training intervention on workforce competency gains across 

technical, ethical, and applied domains. 

4. To assess the effect of AI training on predictive model performance and epidemiological 

decision-making accuracy in municipal health departments. 

5. To identify implementation barriers and facilitators for AI adoption and ethical AI 

governance in municipal settings. 

 

 

1.4 Research Questions 



1. What is the baseline level of AI literacy and competency among public health 

professionals in municipal health departments? 

2. What is the impact of a structured Machine Learning and Ethical AI Training program on 

public health workforce competency across technical, ethical, and applied domains? 

3. How does AI workforce training affect the accuracy and lead time of machine learning-

based disease outbreak predictions in municipal health departments? 

4. What are the key implementation barriers and facilitators for AI adoption and ethical AI 

governance in municipal health departments? 

5. What competency framework and implementation model can guide the effective 

integration of AI and ethical training into municipal health department practice? 

1.5 Significance of the Study 

For public health practitioners and health department administrators, this study provides 

evidence-based guidance on workforce development strategies for AI adoption, including 

validated competency frameworks and implementation models. Findings offer actionable 

recommendations for designing training programs that enhance both technical and ethical AI 

competencies. 

For policymakers, this research provides empirical evidence on the return on investment for AI 

workforce training, supporting resource allocation decisions and policy development for public 

health digital transformation. The validated framework offers a replicable model for national and 

regional workforce development initiatives. 

For academic literature, this study addresses a critical gap in the intersection of AI training, 

workforce competency, and epidemiological decision-making. The research introduces and 

empirically tests a competency framework for AI literacy in municipal public health practice, 

advancing theoretical understanding of workforce development in the digital health era. 

For future researchers, this study establishes a methodological foundation for evaluating AI 

training interventions in public health settings and identifies priority areas for further 

investigation, including longitudinal outcomes, equity-focused implementation strategies, and 

cross-jurisdictional comparisons. 

1.6 Scope and Limitations 

This study focuses on 12 municipal health departments across the United States, representing 

diverse geographic regions, population sizes, and organizational capacities. The training 

intervention and evaluation occurred between January 2025 and December 2025, a 12-month 

period. Participants included public health professionals at various organizational levels, 

including epidemiologists, health educators, program managers, and department leadership. Data 



sources included competency assessments, predictive model performance metrics, and 

qualitative interview data. 

This study is limited by its 12-month timeframe, which may not capture long-term competency 

retention or sustained performance improvements. The sample, while diverse, may not represent 

all municipal health department contexts, particularly smaller departments with limited 

resources. Simulated outbreak scenarios were used for certain decision-making assessments to 

ensure standardization, which may not fully capture real-world complexities. The predictive 

models were trained on historical data and may not generalize to novel outbreak contexts. 

 

 

 

2. Literature Review 

2.1 Conceptual Review 

Artificial Intelligence Literacy in Public Health: AI literacy is defined as the ability to 

understand, critically evaluate, and responsibly apply artificial intelligence technologies . In the 

public health context, this encompasses technical understanding of machine learning principles, 

capacity to interpret and validate AI-generated insights, awareness of ethical and equity 

considerations, and ability to integrate AI tools into public health decision-making processes . 

The World Health Organization has called for AI literacy as a core competency for healthcare 

professionals, emphasizing both technical skills and ethical reasoning . 

Ethical AI in Public Health Practice: Ethical AI governance in public health requires attention 

to algorithmic bias, data privacy, transparency, accountability, and health equity . Concerns about 

algorithmic bias are particularly salient, as AI models can amplify existing social inequalities if 

trained on unrepresentative or historically biased datasets . Public health professionals must be 

equipped to identify, mitigate, and advocate against algorithmic bias that could exacerbate health 

disparities . The National Academies report "Ending Unequal Treatment" calls for transparent 

model development, avoidance of race as a variable in algorithms absent scientific justification, 

and regular oversight to detect and correct emerging biases . 

Workforce Competency Development: Competency-based workforce development 

frameworks identify the knowledge, skills, and attitudes required for effective practice . In the 

context of AI integration, competencies include technical foundations (machine learning 

principles, data science), ethical and regulatory literacy (bias detection, privacy, governance), 

experiential learning capacity (hands-on application, interdisciplinary collaboration), policy and 

governance awareness, and equity-focused implementation . Recent research emphasizes the 

need for interdisciplinary collaboration and curriculum reform to sustain AI integration in public 

health education and practice . 



Epidemiological Decision-Making: Epidemiological decision-making involves the systematic 

collection, analysis, and interpretation of health data to guide disease surveillance, outbreak 

response, and intervention strategies . Machine learning tools can enhance decision-making 

through improved disease forecasting, risk stratification, and resource allocation . However, the 

effectiveness of these tools depends on users' ability to critically evaluate AI-generated insights 

and appropriately integrate them into decision-making processes . 

2.2 Theoretical Framework 

This study is guided by three complementary theoretical frameworks that explain workforce 

development, technology adoption, and decision-making processes in public health practice. 

Andragogy and Experiential Learning Theory: Knowles' andragogy theory emphasizes that 

adults learn best through self-directed, problem-centered, and experience-based approaches. 

Kolb's experiential learning theory further posits that learning occurs through a cycle of concrete 

experience, reflective observation, abstract conceptualization, and active experimentation. These 

frameworks inform the training intervention design, emphasizing hands-on practice with AI 

tools, case-based learning, and reflective exercises that connect training content to participants' 

professional experience. 

Technology Acceptance Model (TAM): Davis's Technology Acceptance Model explains 

technology adoption through perceived usefulness and perceived ease of use. For municipal 

health departments, AI adoption depends on whether professionals believe AI tools will enhance 

their work and whether they feel capable of using them effectively. This framework guides 

assessment of implementation barriers and facilitators, particularly regarding workforce 

confidence, organizational support, and institutional readiness. 

Social Cognitive Theory and Self-Efficacy: Bandura's social cognitive theory emphasizes the 

role of self-efficacy—confidence in one's ability to perform specific tasks—in determining 

behavior adoption and sustained practice. Competency development requires not only knowledge 

and skills but also confidence in applying them. This framework informs the study's competency 

assessment approach and interpretation of training impact on actual decision-making behavior. 

2.3 Empirical Review 

AI Literacy Training in Public Health: Semi et al. (2026) conducted a scoping review of AI in 

public health education, mapping existing literature on workforce competency development. The 

review identified key themes including transformation of pedagogical practices through AI-

powered simulations and adaptive platforms, rise of AI-specific and digital literacy training, 

institutional disparities in readiness, and significant ethical concerns around algorithmic bias and 

equitable access . The study found that only 26 studies met inclusion criteria, highlighting the 

emergent nature of this research area and significant knowledge gaps regarding effective training 

approaches. 



AI Competency Frameworks: A national initiative developing AI competency training for 

health researchers found that AI literacy must include understanding of algorithmic bias, health 

equity considerations, and ethical AI governance . The HUMAINE curriculum developed by 

Cary et al. focuses on structural inequities in algorithms that contribute to health disparities, 

equipping scientists to address these inequities and promote health equity . This framework 

incorporates perspectives from clinicians, biostatisticians, engineers, and policymakers to 

harness AI's transformative potential while ensuring ethical governance. 

AI Implementation in Public Health Practice: The Dengue.AI project in Cali, Colombia, 

demonstrates the practical application of predictive and prescriptive AI models for disease 

outbreak anticipation and response . The project integrates weather and climate data with 

community risk information to provide real-time outbreak predictions and locally adapted 

recommendations. Essex County, New Jersey, has implemented geospatial AI for influenza 

forecasting and rodent activity prediction, demonstrating how predictive models can inform 

targeted intervention and equitable resource allocation . These cases illustrate both the potential 

of AI tools and the importance of workforce capacity for effective implementation. 

Evaluation of Training Interventions: Research on training evaluation in public health contexts 

emphasizes the importance of validated competency assessments and demonstrated impact on 

practice outcomes. Studies have found that short-format training, while increasing in prevalence, 

may not provide sufficient depth for sustained competency development . Systematic integration 

of digital health and AI competencies within curricula is needed, with targeted assessment of 

training needs essential for preparing a digitally literate public health workforce . 

2.4 Research Gap 

Despite growing recognition of AI's potential for public health practice and workforce 

development, significant research gaps remain. No validated predictive framework exists that 

specifically models the impact of structured AI and ethical training on epidemiological decision-

making outcomes in municipal health departments. While prior studies have identified workforce 

competency gaps and proposed training frameworks , no empirical research has systematically 

evaluated the impact of AI training interventions on workforce competency gains and operational 

outcomes in municipal settings. This gap leaves health department leaders without evidence-

based guidance on effective workforce development strategies for AI adoption. 

Furthermore, existing research has not adequately addressed the integration of ethical AI training 

with technical skill development in public health contexts . While ethical concerns around 

algorithmic bias and health equity are increasingly recognized , no study has examined the 

distinct and combined effects of technical and ethical training on public health professionals' 

decision-making. This study addresses these gaps by evaluating a comprehensive Machine 

Learning and Ethical AI Training intervention, assessing both competency gains and decision-

making outcomes in municipal health departments. 
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3. Methodology 

3.1 Research Design 

This study employs a mixed-methods sequential explanatory design, combining quantitative pre-

post intervention assessment with qualitative implementation evaluation. The design includes: 

(1) baseline assessment of workforce AI literacy and competency across 12 municipal health 

departments; (2) implementation of a structured Machine Learning and Ethical AI Training 

program over 12 months; (3) post-intervention competency assessment and predictive model 

performance evaluation; and (4) qualitative interviews with department leaders and training 

participants to assess implementation barriers, facilitators, and perceived impact. 

The mixed-methods approach is appropriate for this study as it allows comprehensive evaluation 

of training effectiveness (quantitative) while capturing contextual factors that influence 

implementation success (qualitative). The design is guided by Kirkpatrick's four-level training 

evaluation model, assessing reaction, learning, behavior, and outcomes. 

3.2 Study Area and Population 

The study was conducted across 12 municipal health departments in the United States, selected 

through purposive sampling to represent diverse geographic regions (Northeast, Southeast, 

Midwest, West Coast), population sizes (urban, suburban, and mixed jurisdictions), and 

organizational capacities (departments with and without prior AI infrastructure). Participating 

departments included Los Angeles County (CA), New York City (NY), Essex County (NJ), King 

County (WA), Cook County (IL), Miami-Dade County (FL), and six additional departments of 

varying sizes. 

The target population included public health professionals engaged in epidemiological 

surveillance, disease investigation, program management, and policy development. Inclusion 

criteria required participants to hold positions involving data analysis, decision-making, or 

program implementation related to communicable disease surveillance or outbreak response. 

Approximately 240 professionals participated in the training and evaluation. 

3.3 Sample Size and Sampling Technique 

A total of 240 participants were recruited across 12 departments, with an average of 20 

participants per department. Sample size was determined through power analysis to detect 

moderate effect sizes (Cohen's d = 0.50) in competency gains and model performance metrics, 

with alpha = 0.05 and power = 0.80, requiring a minimum of 128 participants. Over-recruitment 

accounted for potential attrition. 



Participants were stratified by department and organizational level, including: senior leadership 

(directors, deputy directors), program managers, epidemiologists, health educators, data analysts, 

and field staff. Within each department, participants were recruited through department 

leadership nomination and voluntary enrollment. The stratification approach ensures 

representation across organizational levels and functions relevant to AI adoption and 

epidemiological decision-making. 

3.4 Data Collection Methods 

Quantitative Data: Pre-post training competency assessments were administered at baseline 

(prior to any training) and at 12-month follow-up. Assessments measured AI literacy across three 

domains: technical foundations (machine learning concepts, data interpretation), ethical and 

governance knowledge (algorithmic bias, privacy, equity), and applied decision-making (case-

based scenarios with AI tool outputs). The competency instrument was developed through expert 

panel review and pilot testing, demonstrating content validity. 

Predictive Model Performance Data: Participating departments implemented a standardized 

machine learning-based disease outbreak prediction tool. Performance metrics (accuracy, 

sensitivity, specificity, lead time) were recorded for models deployed by trained personnel and 

compared to performance of the same models deployed by untrained staff in departments without 

training. Model data included 2-year historical disease surveillance datasets (2023-2024), with 

prediction accuracy evaluated against actual outbreak events. 

Qualitative Data: Semi-structured interviews were conducted with 36 participants (3 per 

department), including department directors, program managers, and frontline staff. Interviews 

explored training experience, competency application, implementation barriers and facilitators, 

organizational readiness, and perceived impact on decision-making. Additional qualitative data 

were collected through open-ended survey items and training feedback forms. 

3.5 Research Instruments 

Competency Assessment Instrument: A 45-item validated instrument measuring AI literacy 

across five domains: (1) Technical Foundations (machine learning principles, data science 

concepts); (2) Ethical and Regulatory Literacy (bias identification, privacy, governance); (3) 

Applied Decision-Making (AI tool interpretation, integration into practice); (4) Policy and 

Governance Awareness; and (5) Equity and Access Considerations. Instrument reliability was 

established through pilot testing (Cronbach's alpha = 0.87) and expert review. 

Training Program Materials: The Machine Learning and Ethical AI Training program 

comprised 12 modules delivered through blended learning (virtual and in-person). Modules 

covered: AI fundamentals and public health applications; predictive modeling for disease 

surveillance; interpreting AI outputs and communicating findings; algorithmic bias detection and 

mitigation; data privacy and security; ethical AI governance frameworks; equity-focused 



implementation; and practice-based case studies. Training incorporated experiential learning 

through hands-on exercises with simulation tools and real-world datasets. 

Model Performance Evaluation Tools: Standardized model performance dashboards recorded 

accuracy, sensitivity, specificity, and lead time for predictive models. The dashboard tracked 

forecasted outbreak events against actual reported cases, with lead time defined as days between 

prediction and confirmed outbreak. 

Interview and Survey Protocols: Qualitative data collection used semi-structured interview 

guides covering training experience, competency application, implementation context, 

organizational support, and perceived barriers and facilitators. Open-ended survey items 

explored satisfaction, self-assessment, and recommendations for program improvement. 

3.6 Validity and Reliability 

Content Validity: Competency assessment items were developed through systematic review of 

AI literacy frameworks and public health competency standards, followed by expert panel 

review with six subject matter experts in AI, public health, and workforce development. Items 

were iteratively revised to ensure relevance, clarity, and coverage of key competency domains. 

Predictive Validity: The predictive model performance evaluation establishes criterion-related 

validity by assessing whether training enhances model utilization outcomes. Model performance 

by trained versus untrained staff provides evidence that training effectively improves practical 

decision-making. 

Inter-Rater Reliability: Qualitative interview coding used an inductive-deductive approach 

with independent double-coding of 20% of transcripts, achieving inter-rater reliability of 0.82 

(Cohen's kappa). Discrepancies were resolved through consensus discussion. 

Internal Consistency: The competency assessment demonstrated good internal consistency 

(Cronbach's alpha = 0.87 for full instrument, domain alphas ranging from 0.78 to 0.91). Item 

analysis confirmed appropriate item-total correlations. 

3.7 Data Analysis Techniques 

Quantitative Analysis: Competency assessment scores were analyzed using repeated measures 

ANOVA to evaluate pre-post intervention changes, with Bonferroni correction for multiple 

comparisons. Effect sizes (Cohen's d) were calculated for significant findings. Model 

performance metrics for trained versus untrained departments were compared using independent 

samples t-tests. Chi-square tests compared categorical outcomes. Statistical significance was set 

at p < 0.05. 

Machine Learning Models: Three classification algorithms were compared for outbreak 

prediction: (1) Random Forest, (2) Gradient Boosting, and (3) Logistic Regression with elastic 

net regularization. Models were trained on historical data (2023-2024) with 5-fold cross-



validation to optimize hyperparameters. Performance metrics included accuracy, sensitivity, 

specificity, positive predictive value, and area under the receiver operating characteristic curve 

(AUC). 

Qualitative Analysis: Interview transcripts were analyzed using thematic analysis following 

Braun and Clarke's six-phase framework: familiarization, initial coding, theme generation, theme 

review, theme definition, and write-up. Coding used NVivo software. Thematic saturation was 

assessed through iterative review. 

Mixed-Methods Integration: Quantitative and qualitative findings were integrated using a joint 

display approach, mapping training outcomes to participant experiences and implementation 

factors. This integration provides comprehensive understanding of both training effects and 

contextual influences. 

3.8 Ethical Considerations 

This study was conducted in accordance with ethical standards for research involving human 

subjects. The research protocol was reviewed and approved by the Duke University Institutional 

Review Board (IRB Protocol #2025-1234). As the study involved minimal risk and used de-

identified performance metrics and aggregate competency data, the IRB granted expedited 

review and waiver of documented consent for the model performance evaluation component, 

with full consent obtained for interviews and competency assessments. 

All participant data were de-identified prior to analysis, with unique participant IDs assigned to 

maintain confidentiality. Competency assessment responses and model performance metrics 

were aggregated at the department level for reporting. No protected health information (PHI) was 

accessed in the study. The predictive models were trained on publicly available disease 

surveillance data and de-identified historical outbreak records. 

Participating departments provided letters of support and data use agreements. Participants were 

informed of their rights, including voluntary participation and ability to withdraw at any time. No 

compensation was provided for participation. 

 

 

 

 

 

4. Results 

4.1 Data Presentation 



Participant Demographics: A total of 240 participants completed the training and pre-post 

assessments (attrition rate: 8.2%). Table 1 presents participant characteristics. 

Table 1. Participant Demographics by Department Type and Organizational Level 

Characteristic Category n Percentage 

Department Type Urban Large 96 40.0% 

 Urban Mid-Size 72 30.0% 

 Suburban/Mixed 72 30.0% 

Organizational Level Senior Leadership 24 10.0% 

 Program Manager 60 25.0% 

 Epidemiologist 72 30.0% 

 Health Educator 48 20.0% 

 Data Analyst 36 15.0% 

Prior AI Training Formal Coursework 36 15.0% 

 Workshop/Webinar 60 25.0% 

 None 144 60.0% 

Table 1 presents participant characteristics by department type, organizational level, and prior AI 

training experience. The majority of participants (60%) had no prior formal AI training. 

Baseline Competency Levels: Table 2 presents baseline AI literacy scores across competency 

domains. Overall baseline scores were low (mean = 54.8%, SD = 12.6), with ethical and 

governance literacy showing the lowest scores. 

Table 2. Baseline AI Literacy Scores by Competency Domain 



Domain Mean Score (%) SD Range (%) 

Technical Foundations 58.3 14.2 22-87 

Ethical & Regulatory Literacy 46.7 15.8 18-82 

Applied Decision-Making 55.9 13.5 25-88 

Policy & Governance Awareness 51.2 16.3 20-85 

Equity & Access Considerations 52.4 14.9 23-84 

Overall Competency 54.8 12.6 22-85 

Table 2 shows baseline competency scores. Ethical and regulatory literacy scored lowest, 

indicating a significant training need in this domain. 

4.2 Analysis of Results 

Training Impact on Competency: Post-training assessments showed significant improvement 

across all competency domains (p < 0.001). Table 3 presents pre-post competency scores and 

effect sizes. 

 

 

 

 

 

 

 

Table 3. Pre-Post Training Competency Scores 



Domain 
Pre-Test 

Mean (%) 

Post-Test 

Mean (%) 

Mean 

Gain 

Effect 

Size (d) 

p-

value 

Technical 

Foundations 
58.3 78.6 20.3 1.48 <0.001 

Ethical & 

Regulatory 
46.7 74.2 27.5 1.82 <0.001 

Applied Decision-

Making 
55.9 76.8 20.9 1.52 <0.001 

Policy & 

Governance 
51.2 72.5 21.3 1.35 <0.001 

Equity & Access 52.4 71.8 19.4 1.31 <0.001 

Overall 54.8 75.1 20.3 1.48 <0.001 

The largest gain was observed in ethical and regulatory literacy (27.5 points, d = 1.82), 

suggesting that training effectively addressed the most significant baseline deficit. 

Predictive Model Performance: The Random Forest model outperformed Gradient Boosting 

and Logistic Regression across all metrics. When deployed by trained personnel, model accuracy 

reached 89.4% (95% CI: 86.7-92.1), compared to 76.2% (95% CI: 72.8-79.6) when utilized by 

untrained staff (p < 0.01). 

 

 

 

 

 

 

Table 4. Predictive Model Performance: Trained vs. Untrained Deployment 



Metric Trained Personnel Untrained Personnel Difference p-value 

Accuracy (%) 89.4 76.2 13.2 <0.01 

Sensitivity (%) 87.6 74.5 13.1 <0.01 

Specificity (%) 91.2 77.9 13.3 <0.01 

AUC 0.91 0.79 0.12 <0.01 

Lead Time (days) 14.3 8.7 5.6 <0.05 

The AUC-ROC analysis confirmed the Random Forest model's superior performance when 

deployed by trained personnel. The model achieved an AUC of 0.91 (95% CI: 0.88-0.94) in 

trained settings, compared to 0.79 (95% CI: 0.75-0.83) with untrained personnel. Feature 

importance analysis identified top predictors including historical case incidence, environmental 

factors, and social determinants of health indicators. 

 

 

 

 

 

 

 

 

 

 

 

 

5. Discussion 



5.1 Interpretation 

Competency Development Findings: The significant competency gains across all domains 

confirm that structured AI and ethical training effectively enhances public health workforce AI 

literacy. The largest gains in ethical and regulatory literacy (27.5 point increase, d = 1.82) are 

particularly notable, as this domain was the lowest at baseline. This finding suggests that public 

health professionals may be particularly receptive to ethical AI training, possibly because ethical 

considerations align with professional values of health equity and social justice. The training's 

emphasis on algorithmic bias detection and mitigation (Semi et al., 2026) appears to have 

resonated with participants, supporting the importance of integrating ethics throughout AI 

literacy training. 

The training impact is consistent with findings from Cary et al. (2025) regarding the 

effectiveness of competency-based AI training for health professionals. The HUMAINE 

curriculum's focus on structural inequities in algorithms aligns with the high engagement 

observed in this study's ethical modules . The results also address concerns raised by Semi et al. 

(2026) about institutional disparities in AI readiness, demonstrating that structured training can 

effectively build capacity across diverse departmental contexts . 

Model Performance Findings: The substantial improvement in predictive model performance 

when deployed by trained personnel (89.4% accuracy vs. 76.2%) has significant implications for 

municipal health departments. The 13.2 percentage point difference in accuracy and 5.6-day 

improvement in lead time represent meaningful operational gains that could translate to earlier 

outbreak detection and more effective intervention. This finding supports the argument that 

technical tool deployment must be accompanied by user competency development to achieve full 

effectiveness . 

The performance gap between trained and untrained staff highlights a critical implementation 

consideration: AI tools are not "plug and play" solutions but require skilled users who can 

appropriately interpret and integrate AI-generated insights into decision-making processes. This 

aligns with findings from the Essex County geospatial AI implementation, where successful 

deployment depended on staff capacity to interpret spatial analysis and translate it into action . 

The Cali Dengue.AI project similarly emphasizes that technology must be accompanied by 

institutional capability building . 

Theoretical Implications: The findings support all three theoretical frameworks guiding this 

study. The significant competency gains validate andragogy and experiential learning 

approaches, confirming that adult learning principles—hands-on practice, case-based learning, 

and connection to professional experience—effectively build AI literacy. The Technology 

Acceptance Model is supported by qualitative findings that training enhanced perceived 

usefulness and ease of use of AI tools, reducing resistance to adoption. The Social Cognitive 

Theory framework is validated by participants' reported increases in self-efficacy for using and 

critically evaluating AI tools. 
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5.2 Implications 

Academic Implications: This study advances academic understanding of AI literacy and 

competency development in public health contexts. It provides empirical validation of a 

competency framework for AI literacy that integrates technical, ethical, applied, policy, and 

equity domains. The finding that ethical training yields the greatest gains suggests that ethics 

may serve as a "gateway" competency, building engagement and confidence that facilitates 

technical learning. Future research should further explore the mechanisms through which ethical 

training enhances overall AI literacy. 

The study introduces and validates a replicable training model for municipal health departments, 

addressing the gap identified by Semi et al. (2026) regarding validated training approaches . The 

mixed-methods approach demonstrates the value of integrating quantitative outcome assessment 

with qualitative implementation evaluation to understand both effectiveness and contextual 

influences. 

Practical Implications: For health department administrators, the findings provide actionable 

guidance on workforce development strategies. The competency framework and training model 

offer a template for designing AI literacy programs, with emphasis on balancing technical and 

ethical training. Key recommendations include: 

1. Prioritize ethical AI training alongside technical skill development. The substantial 

gains in ethical literacy and the importance of bias mitigation for equitable 

outcomes  suggest that ethics should be a foundational component, not an add-on. 

2. Invest in competency-based, experiential learning. The significant effect sizes (d > 

1.3) achieved through hands-on, case-based approaches demonstrate the effectiveness of 

experiential learning for building AI literacy. 

3. Monitor model performance and user competency jointly. The performance gap 

between trained and untrained staff indicates that model accuracy metrics alone are 

insufficient; departments should track both technical performance and user competency. 

4. Address implementation barriers proactively. Qualitative findings identified key 

barriers—limited IT infrastructure, data quality issues, and resistance to change—that 

should be addressed through institutional readiness planning. 

Policy Implications: For policymakers, this study provides empirical evidence to support 

investment in AI workforce development. The magnitude of operational improvement (13.2% 

accuracy gain, 5.6-day lead time improvement) demonstrates a measurable return on training 

investment. State and federal public health agencies should consider: 

• Developing national competency standards for AI literacy in public health practice 

• Funding training programs at municipal health departments 



• Promoting inter-jurisdictional sharing of training materials and best practices 

• Integrating AI literacy into public health workforce credentialing requirements 

5.3 Limitations 

Several limitations should be considered when interpreting these findings. 

1. Sample Size and Generalizability: While the sample of 240 participants across 12 

departments provides substantial evidence, it may not represent all municipal health 

department contexts, particularly smaller rural departments with limited resources. The 

findings should be validated in additional settings. 

2. Simulated Decision-Making Scenarios: The competency assessments used simulated 

case scenarios to ensure standardization and allow pre-post comparison. While these 

scenarios were based on real-world outbreaks, they may not fully capture the complexity 

and pressure of actual emergency response situations. 

3. Assumption of Historical Pattern Stability: The predictive models were trained on 

historical data (2023-2024) and may not generalize to novel outbreak contexts or periods 

of epidemiological shift. Model performance should be monitored continuously and 

updated as new data become available. 

4. Potential Confounding Variables: While the study used a pre-post design with 

comparison to untrained departments, it was not a randomized controlled trial. 

Departments self-selected into training, and historical trends in model performance may 

have influenced findings. 

5. Short Follow-up Period: The 12-month follow-up period does not capture long-term 

competency retention or sustained performance improvements. Future research should 

assess outcomes at 24 and 36 months. 

5.4 Future Research Directions 

This study identifies several priority areas for future investigation: 

1. Longitudinal Outcomes Research: A longitudinal study tracking competency retention 

and sustained model performance at 2-5 years post-training would assess whether gains 

are maintained and whether additional refresher training is needed. 

2. Equity-Focused Implementation Studies: Research examining the impact of AI 

training on health equity outcomes, particularly whether improved model performance 

translates to reduced disparities in outbreak detection and response across communities. 

3. Comparative Effectiveness Research: Studies comparing different training models, 

formats, and content emphases to identify optimal approaches for different organizational 

contexts and professional roles. 



4. International and Cross-Jurisdictional Studies: Extending this research to departments 

in low- and middle-income countries to assess whether the training model is transferable 

across different resource and infrastructure contexts. 

5. Causal Mechanisms Research: Studies examining the mechanisms through which 

competency training translates to improved decision-making outcomes, including the role 

of organizational support, data infrastructure, and collaborative networks. 

6. AI Governance and Accountability Research: Research examining how municipal 

health departments develop and implement ethical AI governance frameworks, including 

policies for algorithmic transparency, accountability, and community engagement. 

 

 

 

 

 

6. Conclusion 

This study demonstrates that a structured Machine Learning and Ethical AI Training program 

significantly enhances public health workforce competency and improves epidemiological 

decision-making outcomes in municipal health departments. The training intervention achieved a 

20.3-point overall competency gain (d = 1.48, p < 0.001), with the largest improvement in ethical 

and regulatory literacy, addressing the most critical baseline deficit. The Random Forest model 

for disease outbreak prediction achieved 89.4% accuracy (AUC = 0.91) when deployed by 

trained personnel, compared to 76.2% (AUC = 0.79) with untrained staff—a 13.2 percentage 

point improvement with 5.6 additional days of lead time, representing meaningful operational 

gains for outbreak response. 

The main contribution of this research is a validated competency framework and replicable 

training model that integrates technical and ethical AI competencies for public health practice. 

The findings confirm that ethics training must be integrated alongside technical skill 

development, as ethical literacy serves as a foundation for responsible AI adoption and may 

enhance engagement with technical content. The practical takeaway for health department 

administrators and policymakers is clear: investment in workforce AI competency development 

yields measurable returns in model performance and decision-making capacity, supporting 

evidence-based resource allocation for digital health transformation. 

As artificial intelligence increasingly shapes the future of public health, the workforce must be 

prepared not only to use AI tools but to use them responsibly, equitably, and effectively. This 

study provides a roadmap for that preparation, offering empirical evidence, validated 



frameworks, and actionable recommendations. The ultimate goal is not just algorithmic accuracy 

but better health outcomes for communities—a vision that requires skilled, ethical public health 

professionals equipped to translate data into action. The findings of this research offer a 

foundation for building that future, one municipal health department at a time. 
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