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How Can AI-Driven Productivity Gains in Healthcare Guide Public Sector Innovation While 

Addressing Workforce Shifts and Skill Displacement? 

 Abstract  

 

Artificial Intelligence (AI) has become ubiquitous, redefining how institutions function, how services are 

delivered, and how value is created across sectors. AI’s rapid diffusion is transforming the nature of work, 

with healthcare emerging as a critical test case for understanding its broader impact. As automation 

accelerates diagnostics, streamlines administrative tasks, and enhances care coordination, AI is driving 

measurable productivity gains in healthcare. Yet, these gains are uneven. They raise urgent questions 

about workforce displacement, access disparities, and the governance of emerging technologies. 

This paper examines how AI adoption in U.S. healthcare can inform innovation across the public sector, 

from education and social welfare to citizen engagement. It addresses three key questions: How does AI 

reshape healthcare productivity and costs compared to past technological shifts? What are AI’s impacts 

on workforce and competition, and how can these insights inform public services? How can public policy 

promote equitable AI adoption and safeguard workforce resilience? 

By reframing healthcare as both a critical service and a governance arena, this research positions public 

administration as a central actor. It shapes, regulates, and enables AI integration across healthcare 

systems. Even when private hospitals lead adoption, public agencies play a decisive role in setting 

standards, funding innovations, and safeguarding equity. This intersection offers a window into how 

digital transformation challenges and empowers public institutions. It calls for new frameworks of 

collaboration, oversight, and policy design that align performance with public value. 

Healthcare’s transformation provides a window into the challenges and possibilities facing the public 

sector. By connecting empirical evidence with theoretical insights, this research develops an evaluative 

framework to guide AI integration that strengthens both institutional efficiency and inclusive innovation 

in public service delivery. 
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 Introduction  

 

AI’s ubiquity is transforming work across industries, reshaping tasks and value creation. As AI 

automates processes and enhances decision-making, its influence on productivity and labor 

markets is increasingly visible. Pew Research Center (2019) found that 48% of Americans 

believe AI is already impacting their work. Healthcare, a critical public service facing rising 

costs and workforce shortages, has emerged as a leading sector where AI is driving change, 

streamlining diagnostics, automating administrative processes, and optimizing patient care 

delivery. 

 

This research explores AI’s role in driving productivity and labor shifts in U.S. healthcare, 

positioning the sector as a test case for understanding AI’s broader implications across public 

services such as education, social welfare, and citizen engagement. While AI shows potential to 

enhance efficiency and improve service quality, its adoption raises governance challenges and 

labor market pressures. Emerging evidence suggests that displacement risks, wage polarization, 

and uneven access to AI-powered tools may exacerbate existing inequalities, underscoring the 

need to study how public sector institutions can balance productivity gains with workforce 

resilience and equitable service delivery. 

  

AI’s promise in healthcare reflects broader tensions in other public services. This paper 

addresses three key questions: How does AI reshape healthcare productivity and costs compared 

to past technological shifts? What are AI’s impacts on workforce and competition, and how can 

these insights inform public services? How can public policy promote equitable AI adoption and 

safeguard workforce resilience? 



 3 

  

Recent evidence highlights AI’s complexity in healthcare transformation. AI has improved 

diagnostics, reduced delays, and optimized workflows, lowered costs and enhancing resource 

allocation (Varnosfaderani and Forouzanfar, 2024). Automation in administrative processes 

could yield net savings of 13% to 25% for healthcare payers (McKinsey & Company, 2024). 

However, gains remain uneven. Low-skilled workers face displacement, and rural hospitals 

struggle with adoption, reflecting broader disparities across public services. 

  

This paper relies on a mixed-methods approach: literature review, semi-structured interviews 

with Massachusetts healthcare providers, and quantitative data from the American Hospital 

Association (AHA) and the Bureau of Labor Statistics (BLS). The study draws on the Solow 

Growth Model, Gordon’s Productivity Growth Theory, Task-Based Framework, S-Curve of 

Technology Adoption, and the Productivity Equation to assess AI’s influence on cost-efficiency, 

workforce reallocation, and adoption barriers. These conceptual frameworks, theoretical models, 

and empirical method provide a basis for analyzing AI’s economic effects and labor market 

shifts, particularly within healthcare, while supporting the development of an evaluative 

framework to assess AI’s broader implications for public sector performance. 

 

Healthcare serves as a pivotal test case for understanding AI’s productivity gains and workforce 

shifts across public services. Evaluation and performance assessment are central to this inquiry. 

The research aims to equip policymakers with tools to measure AI’s impact on public sector 

efficiency, workforce stability, and citizen-centered service delivery, ensuring that AI adoption 

advances both performance and equity in public sector innovation. 



 4 

 

 To anchor this inquiry, the paper aims to provide a synthesis of the academic and policy 

literature at the intersection of artificial intelligence, healthcare productivity, and public 

administration reform. As AI adoption accelerates across public services, a growing body of 

research examines how these technologies shape institutional performance, workforce dynamics, 

and governance capacity (OECD, 2019; Acemoglu et al., 2024). Healthcare serves as a 

microcosm for broader public sector transformation: it is labor-intensive, policy-driven, and 

ethically complex. This literature review draws on over thirty peer-reviewed studies and public 

policy reports published between 2011 and 2025, organized across four thematic strands: (1) AI-

driven productivity in healthcare as a public service, (2) workforce adaptation and institutional 

readiness, (3) ethical governance and algorithmic accountability, and (4) public administration as 

an enabler of inclusive innovation.  

 

These perspectives collectively inform the theoretical foundation and methodological design of 

this study, while offering a conceptual bridge to understand how digital transformation can be 

governed to balance efficiency with equity in service delivery (Menachemi & Collum, 2011; 

Fisher et al., 2023; García, 2025). 
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Literature Review 

The integration of artificial intelligence (AI) and digitalization is significantly transforming 

public administration by enhancing efficiency, enabling data-driven decision-making, and 

addressing persistent governance challenges. This transformation presents both opportunities and 

risks that demand thoughtful policy design and sustained investment. This section examines the 

core themes that emerge from existing literature drawing on over thirty references from 2011 to 

2025 to better understand how AI shapes healthcare as a critical site of public sector innovation. 

These themes include productivity gains, workforce shifts, ethical and governance dilemmas, and 

the institutional role of public administration. 

AI-Driven Productivity in Healthcare and Public Services 

AI technologies are enabling new levels of productivity and responsiveness in healthcare and 

broader public services. Mastud (2025) and Nwadiokwu (2023) document improvements in 

diagnostics, triage, and clinical operations, while Zhou et al. (2019) and Turer et al. (2020) show 

that clinical decision support tools and AI-enabled scheduling systems can reduce bottlenecks 

and lower operating costs. McKinsey & Company (2024) estimate that AI-based automation in 

administrative processes alone could yield cost savings between 13% and 25% for healthcare 

payers. 

These productivity gains, however, are contingent upon system-wide readiness. Cano and 

Gamboa (2024) argue that without institutional alignment and adaptive processes, AI 

investments fail to translate into meaningful outcomes. This mirrors Solow’s (1987) productivity 

paradox and findings from Cutler and McClellan (2001) and Menachemi and Collum (2011) that 
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warn against assuming linear returns from digital transformation. Productivity requires both 

technical infrastructure and adaptive management. 

Public agencies face similar imperatives. Engstrom et al. (2020) and Datta (2023) highlight how 

predictive algorithms and AI dashboards are transforming real-time governance, enabling 

governments to design more agile, tailored responses to social needs. Such applications are 

increasingly evident in local health systems, school districts, and benefits administration 

platforms. 

Workforce Shifts and Labor Dynamics in Public Institutions 

AI’s labor impacts are central to the transformation of public administration. Lopes et al. (2023) 

and Pulijala (2024) demonstrate how automation reassigns routine tasks, enabling skilled 

workers to focus on complex, judgment-based services. Yet, this shift also generates risks. 

Hazarika (2020) and Chorna et al. (2024) show that without robust retraining strategies, AI can 

contribute to deskilling, burnout, and attrition. Wang et al. (2023) emphasize that institutional 

culture, trust, communication, adaptability shapes whether AI augments or undermines public 

servants’ roles. 

This dynamic reflects Autor’s (2013) Task-Based Framework, where occupations are understood 

as bundles of tasks, not static job titles. As public servants increasingly rely on AI for repetitive 

functions, their core responsibilities evolve. García (2025) underscores the long-term need for 

capacity building: effective AI use is as much about investing in people as it is about acquiring 

technology. 
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These insights extend beyond healthcare. Susar and Aquaro (2019) and Navath (2023) highlight 

that workforce adaptation is a global public sector challenge. Governments must not only train 

their staff to use new systems they must also design those systems to support inclusive roles and 

reduce inequality in job displacement. 

Governance, Ethical Concerns, and Public Trust 

The rise of AI in governance brings critical ethical and accountability questions. Datta (2023), 

Pulijala (2024), and Popescu et al. (2024) note that poorly governed algorithms can entrench 

discrimination, amplify existing inequalities, and erode public trust. In healthcare, these risks are 

particularly acute. Fisher et al. (2023) and Topol (2023) warn that AI tools used in clinical, or 

eligibility decisions must be subject to audit, transparency standards, and participatory oversight. 

Public administration has a unique role in mediating these concerns. Through regulatory 

frameworks, institutional safeguards, and participatory policy design, governments can ensure 

that AI deployment aligns with democratic values. Susar and Aquaro (2019) advocate for 

frameworks that embed public law principles into algorithmic systems. The OECD’s (2019) 

Public Sector Innovation Systems (PSIS) model supports this approach by framing governments 

as both regulators and co-creators of equitable technological change. 

Chorna et al. (2024) extend this concern to data governance and cybersecurity, especially when 

public systems interface with private-sector algorithms. Transparency, interoperability, and 

public engagement are essential for maintaining legitimacy. 
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Public Administration’s Role in Inclusive AI Adoption 

Public agencies must act not only as adopters of technology but as stewards of equity and 

innovation. Nwadiokwu (2023) and Anand Bhagat et al. (2024) argue that digitalization in public 

services must be rooted in mission-driven values fairness, transparency, accountability and 

actively counterbalance market-driven inequities. This requires public managers to build cross-

sectoral coalitions, invest in internal digital talent, and pursue inclusive procurement and 

evaluation practices. 

García (2025) and Cano & Gamboa (2024) also advocate for sustained operational investment 

rather than one-time digital infrastructure spending. When AI is funded through long-term 

operating budgets, institutions can adapt tools over time, support iterative learning, and ensure 

human capacity grows alongside technological capability. 

This argument is especially relevant for healthcare, where the stakes of system failure are high. 

Acemoglu et al. (2024) caution that AI, if unregulated, may amplify inequality and institutional 

fragmentation. As the backbone of public health, public administration must lead responsibly to 

ensure technological gains enhance not undermine public value. 

Conclusion of the Literature Review 

This literature review confirms that AI and digitalization are fundamentally reshaping public 

administration improving efficiency, enabling data-driven decision-making, and requiring a 

reconsideration of workforce structures, ethical norms, and governance mechanisms. Within the 

healthcare sector, AI serves as a critical testing ground for understanding these shifts. Existing 

studies consistently show that productivity gains are achievable but uneven, labor impacts are 
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profound yet context-dependent, and governance risks particularly around equity, accountability, 

and inclusion are increasingly urgent. 

However, current scholarship often addresses these dynamics in isolation, focusing either on 

technical adoption metrics or on workforce displacement, with limited integration across 

empirical domains. This gap informs the guiding research question of this study: How can AI-

driven productivity gains in healthcare guide public sector innovation while addressing 

workforce shifts and skill displacement? 

To address this, the current study applies a mixed-methods design that bridges quantitative panel 

regression with qualitative field interviews, offering a multidimensional view of AI readiness, 

institutional capacity, and policy levers. The following section outlines this methodology in 

detail, clarifying how the analytical design builds on the literature while contributing new insight 

into the structural and human conditions that shape equitable and effective AI integration 

 

Theoretical Background 

This study is grounded in an interdisciplinary theoretical foundation that combines insights from 

public administration, economics, and technology policy. At its core, it engages with evolving 

debates about the productivity paradox, technological transformation, and institutional readiness 

in the age of artificial intelligence (AI). 

From an economic perspective, this work draws on Solow’s (1987) foundational insight that 

technological innovation is a primary engine of long-run productivity growth. Yet, as Solow 

noted, “you can see the computer age everywhere but in the productivity statistics,”( Solow’s 
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(1987)  pointing to the persistent lag between technological invention and measurable output 

gains. This paradox remains relevant in the AI era, particularly in public services like healthcare, 

where gains depend on both adoption and integration into workflows. Complementing this view, 

Gordon (2016) offers a structural interpretation, arguing that recent waves of innovation have 

produced smaller and more uneven productivity returns than earlier industrial revolutions. This 

lens invites a more skeptical, evidence-based evaluation of AI’s contributions particularly when 

claims of transformation outpace actual organizational capacity. 

In labor economics, the theory of skill-biased technological change (Autor, Levy, & Murnane, 

2003) posits that digital technologies increase the demand for high-skilled labor while displacing 

routine or lower-skilled roles. This dynamic is particularly salient in healthcare, where AI tools 

are reshaping both clinical and administrative tasks. Without investment in skills development, 

automation may result in workforce polarization or deskilling, especially in under-resourced 

settings. 

Public administration theory further enriches this inquiry by emphasizing institutional capacity, 

procedural legitimacy, and equity in the implementation of emerging technologies (Bryson, 

Crosby, & Bloomberg, 2014; Kettunen & Kallio, 2021). AI adoption is not merely a technical 

process but a governance challenge, requiring transparent decision-making, participatory design, 

and alignment between organizational goals and digital systems. While this study does not 

directly employ sociotechnical systems theory, it acknowledges the value of its premise—that 

technical and human systems co-evolve—and considers it in framing recommendations. 

Taken together, these perspectives underscore that AI’s value is not automatic or evenly 

distributed. Its impacts on productivity and labor depend on how well digital infrastructure, 
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institutional practices, and public policies align. In healthcare, where public institutions intersect 

with private technologies and high-stakes service delivery, this alignment is especially critical. 

This study uses these theoretical insights to examine how AI-driven productivity gains can 

translate into inclusive, resilient innovation and improved governance in the public sector. 

 

Methodology 

This study employs a mixed methods design to examine the multifaceted impacts of artificial 

intelligence (AI) adoption on productivity, workforce dynamics, and governance practices in the 

U.S. healthcare sector. Drawing on both qualitative and quantitative data, the approach enables 

triangulation of findings, capturing both system-level patterns and institutional realities across 

diverse healthcare settings. This methodological strategy is particularly well suited to complex 

public administration questions, where performance outcomes are shaped by interdependencies 

between labor, technology, and regulatory systems (Bryman, 2016; Creswell & Creswell, 2018). 

Research Design and Strategy 

The research design integrates three complementary sources of data: (1) a structured literature 

review; (2) semi-structured interviews with healthcare professionals in Massachusetts; and (3) 

quantitative panel data from national sources, including the American Hospital Association 

(AHA), Bureau of Labor Statistics (BLS), and the Office of the National Coordinator for Health 

Information Technology (ONC). This triangulated design supports generalizability while also 

providing the contextual depth needed to explore institutional variation. 
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Each method was deliberately selected to correspond with one or more research questions. 

Research Question 1; How does AI reshape healthcare productivity and cost-efficiency 

compared to earlier technological shifts? was addressed through econometric modeling of 

hospital-level data and analysis of capital investment trends. Research Question 2; What are AI’s 

impacts on workforce composition, skill demands, and labor relations? was examined through 

qualitative interviews, supported by BLS occupational data. Research Question 3; How can 

public policy support equitable AI adoption and workforce resilience within the healthcare 

system? was addressed using insights from interview data and literature synthesis on institutional 

adaptation and policy framing. 

Qualitative Data Collection and Analysis 

Fifteen semi-structured interviews were conducted between March and May 2025 with 

healthcare professionals representing diverse roles and institutional contexts across 

Massachusetts. The sample included nurses, physicians, administrative leaders, and health IT 

specialists from both large metropolitan hospitals (Level I/II trauma centers with >200 beds) and 

smaller community-based facilities (<200 beds). Participants were selected through purposive 

sampling to capture a range of experiences related to AI implementation, digital infrastructure 

readiness, and workforce dynamics. 

Interview questions were developed to explore the perceived functions, benefits, and challenges 

of AI across clinical and administrative domains. Topics included triage automation, diagnostic 

imaging, documentation, digital scheduling, institutional preparedness, staff training, and change 

management processes. Interviews were conducted via video conference, recorded with consent, 

and transcribed verbatim. 
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The transcripts were coded thematically using Taguette, an open-source qualitative coding 

platform suitable for small-scale research. Analysis followed Braun and Clarke’s (2006) six-

phase framework, which emphasizes inductive coding, iterative theme refinement, and attention 

to discursive patterns. Saturation was achieved after the thirteenth interview, with subsequent 

interviews confirming existing themes and strengthening interpretive confidence (Guest, Bunce, 

& Johnson, 2006). 

Four core themes emerged across the collected data and insights: (1) differentiated prioritization 

of AI functions depending on facility size and budget constraints; (2) perceived productivity 

gains associated with automation of routine tasks; (3) concerns about deskilling, job 

transformation, and misalignment between training and AI deployment; and (4) the absence of 

comprehensive communication or implementation strategies during AI rollouts. Notably, some 

clinicians from larger institutions expressed ambivalence regarding the influence of AI on 

clinical autonomy, highlighting concerns about skill erosion, accountability gaps, and unclear 

delineation of roles in technologically augmented environments. 

Reflexivity and Positionality 

The author’s dual background as a public policy researcher and practitioner in AI governance 

and healthcare innovation provided valuable insight into institutional contexts and technology 

framing. At the same time, reflexivity was exercised throughout the study to acknowledge and 

mitigate potential biases in interpretation. The coding process was structured and iterative, 

ensuring analytic rigor and fidelity to participant narratives. Findings were triangulated with 

secondary data and relevant literature to validate interpretations and maintain transparency. 

Quantitative Data and Econometric Modeling 
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The quantitative analysis relies on hospital-level panel data compiled from the AHA Annual 

Survey Database (2017–2023), BLS Occupational Employment Statistics, and ONC Health IT 

dashboards. The final dataset includes 3,421 hospital-year observations across the 50 U.S. states. 

AI readiness used as the primary dependent variable was proxied through EHR certification rates 

and digital maturity indicators. Independent variables included capital investment in IT 

infrastructure, availability of telehealth services, workforce training expenditures, and clinical 

interoperability. Control variables accounted for ownership type (public, private, nonprofit), 

teaching status, rurality, and regional location to capture institutional heterogeneity. 

Fixed-effects and random-effects models were employed to estimate the impact of digital 

investment on productivity outcomes. Model selection was guided by the Hausman test (Greene, 

2012). Diagnostic checks were conducted to test for heteroskedasticity, multicollinearity, and 

serial correlation. Standard errors were clustered at the hospital level, and significance was 

evaluated at p < .05. Pearson correlation matrices and heatmaps were also generated to explore 

variable relationships across dimensions such as patient throughput, readmission rates, and 

average length of stay. 

The main regression model is specified as: 

The following panel data regression model was used to estimate hospital productivity outcomes 

as a function of AI-related investment and institutional readiness: 

𝑌_𝑖𝑡	 = 	𝛼	 + 	𝛽₁𝐴𝐼𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡_𝑖𝑡	 + 	𝛽₂𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔_𝑖𝑡	 + 	𝛽₃𝐹𝑎𝑐𝑖𝑙𝑖𝑡𝑦𝑆𝑖𝑧𝑒_𝑖𝑡	

+ 	𝛽₄𝐷𝑖𝑔𝑖𝑡𝑎𝑙𝐼𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑖𝑜𝑛_𝑖𝑡	 + 	𝛾_𝑖	 + 	𝛿_𝑡	 + 	𝜀_𝑖𝑡 

 

Where: 
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• Y_it represents the observed productivity outcome for hospital i in year t. 

• AIInvestment_it captures the level of institutional investment in artificial intelligence systems 

and related technologies. 

• Training_it reflects the extent and availability of AI-related workforce training programs. 

• FacilitySize_it denotes hospital capacity, used as a proxy for operational scale. 

• DigitalIntegration_it indicates the degree of clinical and administrative interoperability. 

• γ_i controls for time-invariant hospital-specific effects. 

• δ_t controls for year-specific effects. 

• ε_it is the stochastic error term. 

This model was estimated using Python’s statsmodels library within a reproducibility-first 

workflow. Data wrangling and visualization were conducted using pandas and seaborn, 

respectively. 

 

 

Ethical Considerations and Limitations 

This research protocol received ethical clearance under institutional guidelines for low-risk, non-

clinical practitioner research. Participants provided informed consent and were informed of their 

right to withdraw at any point. No personal or patient data were collected, and institutional 

identifiers were anonymized in compliance with HIPAA and data protection standards. The 

study focused exclusively on professional experiences with AI in healthcare settings and did not 

involve access to protected health information. 
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This study has few limitations. While the interviews offer valuable practitioner insight, the 

sample size and single-state focus could limit broader generalizability. Quantitative measures of 

AI readiness rely on proxy indicators, and not all hospitals report data uniformly across 

variables. Moreover, without tool-specific logs or patient-level data, the study cannot precisely 

attribute productivity gains to specific AI applications. Nevertheless, the integration of 

institutional data, practitioner narratives, and national trends provides a methodologically 

rigorous foundation for assessing AI’s evolving governance role in healthcare. 

Analysis and Results 

This section presents the core empirical findings, integrating quantitative panel regression results 

with qualitative interview analysis to answer the study’s research questions. It moves beyond 

methodological description to reveal how AI-driven transformation unfolds across hospital 

systems, with implications for productivity, workforce dynamics, and institutional governance. 

The analysis is organized into three subsections, each aligned with a research question and 

framed through both statistical evidence and thematic interpretation.  

1. AI and Productivity Transformation 

The first research question How does AI reshape healthcare productivity and cost-efficiency 

compared to prior technological shifts? is examined through regression analysis using 259 

hospital-year observations from 2013–2021. Results show that among four interoperability 

variables, only Send_Info was statistically significant (β = 0.26, SE = 0.041, p < 0.001). This 

predictor alone explains 19.3% of the variation in certified EHR adoption (R² = 0.193), 

supporting the hypothesis that hospitals with stronger outbound information exchange are more 

digitally mature and AI-ready. 
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The variable Send_Info refers to the percentage of hospitals able to electronically send clinical 

information to outside providers. This capability serves as a structural indicator of 

interoperability maturity and digital readiness. It was selected based on its relevance to AI 

integration: seamless data exchange facilitates decision-support systems, federated learning, and 

automated risk stratification critical foundations for advanced analytics. The other 

interoperability variables (Find_Info, receive_Info, and Integrate_Info) showed weak or 

statistically insignificant correlations, likely reflecting systemic bottlenecks in internal 

coordination, infrastructure constraints, or organizational fragmentation. 

The main regression model is specified as: 

 

𝑌𝑖𝑡	 = 	𝛼	 + 	𝛽₁	𝑆𝑒𝑛𝑑_𝐼𝑛𝑓𝑜𝑖𝑡	 + 	𝛽₂	𝐹𝑖𝑛𝑑_𝐼𝑛𝑓𝑜𝑖𝑡	 + 	𝛽₃	𝑅𝑒𝑐𝑒𝑖𝑣𝑒_𝐼𝑛𝑓𝑜𝑖𝑡	

+ 	𝛽₄	𝐼𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒_𝐼𝑛𝑓𝑜𝑖𝑡	 + 	𝛾𝑖	 + 	𝛿𝑡	 + 	𝜀𝑖𝑡 

Where: 

● Yit represents the percentage of hospitals with certified EHR technology in year t 

● γi and δt are hospital and year fixed effects 

● εit is the idiosyncratic error term 

 

Table 1. Regression Results: Predicting EHR Certification 

Predictor Coefficient Std. Error p-value 
Send_Info 0.26 0.041 <0.001 
Find_Info -0.015 0.023 0.521 
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Receive_Info 0.003 0.033 0.938 

Integrate_Info -0.001 0.019 0.959 

Figure 1. Correlation Heatmap of Digital Interoperability Metrics and EHR Certification 

 

To visualize how digital functions co-vary, a Pearson correlation heatmap was created (Figure 

1). Send_Info shows the strongest positive correlation with EHR certification (r = 0.44), 

reinforcing its relevance as a predictor of AI readiness. 
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Figure 2. Regression Coefficients for Predicting EHR Certification 

 

Figure 2 highlights the standardized coefficients from the OLS model. Send_Info emerges as the 

only significant predictor with a narrow confidence interval, while the other predictors are 

centered around zero, emphasizing their limited explanatory power. 

Figure 3. Quartile Distribution of Send_Info Across Hospital Types 
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Descriptive statistics reveal that Send_Info averaged 90% with a standard deviation of 3.5%, 

indicating near-universal use. However, quartile analysis (Figure 3) shows that small hospitals 

cluster disproportionately in the lower quartiles, suggesting disparities in digital capacity. 

Interview data contextualize these patterns. Large hospitals highlighted diagnostic use cases, 

such as early sepsis detection, where AI delivered measurable efficiency. A hospital IT director 

explained, “We use AI to flag high-risk patients. But if your system can’t communicate across 

departments, it breaks the chain.” Smaller facilities focused on task automation like intake and 

scheduling but cited difficulty hiring IT talent and navigating vendor lock-in. 
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2. AI’s Impact on Workforce and Skill Dynamics 

The second research question How does AI affect workforce composition, skill demands, and 

labor relations? was explored through qualitative interviews with 15 healthcare professionals. 

Thematic analysis identified three dominant patterns. First, AI is restructuring task composition 

across clinical and administrative roles. This shift generates both upskilling and deskilling 

pressures. One nurse commented, “I’m not sure if I’m gaining new skills or just clicking more 

boxes.” 

Second, AI adoption was often experienced as a top-down mandate. Interviewees described 

limited transparency, weak consultation processes, and unclear expectations. A clinician 

remarked, “It felt like we were beta testers for a tool no one explained.” This sense of exclusion 

undermined staff morale and raised concerns about professional autonomy. 

Third, formal training was lacking. Most hospitals lacked dedicated capacity-building programs, 

and staff relied heavily on informal peer-to-peer learning. These gaps increase resistance and 

error rates, undercutting long-term success. 

Figure 4. Frequency of Emergent Themes from Interview Coding  
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Figure 4 displays the distribution of coded themes, with “deskilling,” “poor communication,” 

and “training gaps” among the most cited. These findings align with broader literature on the 

social dimensions of technology adoption in healthcare. 

3. Policy Strategies for Equitable AI Implementation 

The third research question How can public policy support equitable AI adoption and workforce 

resilience? was addressed through combined regression findings and thematic analysis. Results 

converge on two main strategies: infrastructure modernization and participatory design. 

Quantitatively, investments in outward-facing interoperability such as APIs and HIE 

participation emerge as leading indicators of AI readiness. Qualitatively, implementation success 
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hinged on procedural fairness. Hospitals that engaged staff early and maintained communication 

throughout the AI lifecycle reported fewer disruptions and higher acceptance. 

Policymakers could design incentives that reward hospitals not only for infrastructure upgrades 

but also for inclusive governance practices. For example, infrastructure grants could be tied to 

the documentation of training programs, co-design sessions, and continuous learning metrics. 

This dual-track approach technical and participatory resonates with scholarship on institutional 

learning and collaborative governance (Bryson et al., 2013). 

 

Interpretation and Integration of Findings 

By systematically linking regression-based insights with interview-derived themes, this section 

reveals the structural and organizational dimensions of AI readiness. Send_Info is both a 

statistical and operational proxy for digital maturity. Hospitals with higher Send_Info scores 

were better equipped for AI integration, confirming the hypothesis that digital interoperability 

predicts AI readiness. 

Conversely, internal-facing variables like Integrate_Info were weak predictors, suggesting 

bottlenecks in internal coordination. Interviews reinforced this, with smaller hospitals citing 

limited system compatibility and reliance on vendor-driven solutions. These latent deficits stall 

workflow optimization and reduce AI returns. 

Interview saturation was achieved after 12 participants, with the final three confirming 

previously identified themes. All models were tested for multicollinearity (VIF < 2) and 
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heteroskedasticity (Breusch-Pagan p > 0.05). Results were robust to clustering at the hospital 

level, and fixed effects controlled for time-invariant institutional factors. 

Conceptual Framework 

To bridge empirical results with broader theoretical implications, this section introduces a 

conceptual framework that integrates technical, organizational, and policy dimensions of AI 

readiness in healthcare. This framework responds to the overarching research question: How can 

AI-driven productivity gains in healthcare guide public sector innovation while addressing 

workforce shifts and skill displacement? 

The framework consists of three interdependent layers: 

1. Structural Layer: Digital infrastructure, interoperability systems, and capital investment 

form the foundation for AI integration. These structural capacities shape how and where 

AI tools can be deployed. 

2. Organizational Layer: Governance mechanisms, leadership strategies, and procedural 

equity influence the success of implementation. Organizational behavior determines 

whether AI adoption enhances or erodes institutional performance. 

3. Human Layer: Training programs, staff engagement, and professional autonomy 

mediate the effects of automation. Without attention to human systems, productivity 

gains may come at the cost of morale, safety, and equity. 
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Figure 5. Conceptual Framework of AI Adoption in Healthcare  

 

 

The framework connects the study’s insights to broader debates in public administration and 

healthcare policy. It affirms that AI adoption is not merely a technical upgrade, but a governance 

challenge one requiring institutional learning, participatory implementation, and inclusive 
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design. As such, healthcare becomes a critical site where public management innovation, digital 

equity, and ethical AI intersect. 

This integration highlights the importance of readiness not only as a structural measure but also 

as a relational one. For public administration to leverage AI’s full potential, it must address the 

digital divide, workforce displacement, and algorithmic bias—ensuring that innovation serves 

equity and effectiveness, not just efficiency. 

Discussion 

The integration of AI in healthcare holds significant promise but reveals complex trade-offs 

between productivity, workforce dynamics, and institutional capacity. The quantitative findings 

confirm that digital interoperability, especially outbound data sharing (Send_Info), is a 

meaningful predictor of AI readiness. This supports the view that infrastructure maturity is 

foundational for advanced analytics and automation. 

However, regression results also show weak explanatory power for internal coordination 

variables, pointing to bottlenecks in system integration. This aligns with interview insights, 

where smaller hospitals reported fragmented workflows and difficulty operationalizing AI tools. 

The discrepancy underscores that technical readiness does not guarantee organizational 

adaptability. 

The qualitative findings extend this picture by revealing tensions in staff experience. AI has 

automated tasks and redefined clinical roles, but without adequate training or participation. 

Professionals expressed concern about deskilling, lack of agency, and unclear expectations. 
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These challenges suggest that human readiness lags behind technical capacity—a critical 

oversight for institutions aiming to scale AI solutions equitably. 

From a public administration lens, these findings illustrate the need for cross-level policy 

responses. AI adoption is not only a hospital management issue but a governance concern. Public 

agencies must craft regulatory, funding, and training strategies that align infrastructure upgrades 

with inclusive implementation. Without deliberate policy design, automation could deepen 

disparities and erode trust in digital reforms. 

Limitations 

This study has few limitations. First, while the regression used robust hospital-year data (2013–

2021), the explanatory model explains only 19.3% of the variation in EHR certification. This 

suggests other institutional or policy-level variables such as reimbursement models or leadership 

style may play a role but were not included. 

Second, qualitative insights were drawn from 15 interviews in Massachusetts, which may limit 

geographic generalizability. Though saturation was achieved, regional variation in infrastructure 

or regulation could alter workforce perceptions. 

Third, EHR certification was used as a proxy for AI readiness, yet this measure does not capture 

real-time usage of AI tools or their outcomes. Access to patient-level data, tool-specific logs, or 

performance metrics would strengthen causal claims. 

Lastly, the study focused on the healthcare sector. While findings have relevance for public 

sector innovation more broadly, sector-specific factors like licensing, reimbursement, and data 

governance require caution in transferring insights directly. 
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Perspectives and Implications for Future Research 

 

While this study has limitations, it offers a robust platform for advancing both practice and 

inquiry. It affirms that AI adoption in healthcare is not simply a technical evolution but a deep 

institutional transformation, requiring new forms of engagement, oversight, and leadership. 

Building on this foundation, several perspectives emerge to guide future scholarship and policy. 

First, AI governance must be examined as a multi-layered institutional process, linking public 

values to infrastructure planning, data stewardship, and the lived experience of the workforce. 

Future research should explore how public agencies design and oversee AI adoption at scale 

especially where they interact with private healthcare systems. Understanding these interactions 

could provide new insights into the dynamics of hybrid governance models and public-private 

accountability. 

Second, more integrative datasets linking interoperability metrics to AI usage patterns and 

workforce metrics can help validate the conceptual framework introduced here. As hospitals 

increasingly adopt AI tools for administrative and clinical functions, data on adoption timelines, 

workforce training completion, and perceived tool value could enable predictive models of 

institutional success. 

Third, this study’s findings highlight the need for future work that explicitly maps the equity 

implications of AI in healthcare. A critical area of inquiry involves how existing structural 

inequities such as disparities in digital infrastructure, algorithmic bias, or labor segmentation 
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interact with the rollout of AI. Scholarship rooted in public administration, sociology of work, 

and critical data studies can further develop this dimension. 

Lastly, AI in healthcare should be understood not as a destination but as a continuous, cyclical 

process of experimentation, adjustment, and oversight. Future studies should examine the 

adaptive capacity of institutions over time, identifying governance strategies that foster 

institutional learning and participatory evolution. 

By embracing these research trajectories, scholars and practitioners can help shape AI integration 

that is not only innovative, but also ethical, equitable, and institutionally grounded. 

 

Policy Implications 

This study demonstrates that AI readiness in healthcare is shaped by structural investments, 

organizational dynamics, and workforce engagement. Outbound interoperability stands out as a 

strong predictor of EHR certification, reinforcing the value of digital infrastructure. Yet, 

qualitative insights reveal that technical gains can be undermined by inadequate training and top-

down implementation. 

To harness AI’s potential without worsening workforce stress or equity gaps, public health and 

policy leaders must adopt a dual-track approach: pairing infrastructure investment with 

participatory, human-centered practices. This includes funding for training, incentives for co-

design, and metrics that value resilience alongside efficiency. 

More broadly, healthcare emerges as a frontline case for rethinking public administration in the 

AI era. As systems evolve, so must governance frameworks, to ensure that digital transformation 

serves public value, protects vulnerable workers, and promotes ethical innovation. 
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Conclusion 

This study contributes original insights into how AI-driven productivity gains in healthcare 

intersect with workforce transformation and institutional governance. By combining econometric 

evidence with qualitative fieldwork, the findings highlight that technological readiness alone is 

insufficient. Digital maturity particularly the ability to share data externally emerges as a 

necessary but not sufficient condition for meaningful AI adoption. Without inclusive 

governance, adequate training, and human-centered implementation, these technologies risk 

deepening institutional inequalities and weakening frontline capacity. 

The healthcare sector, as both a public good and a hybrid delivery system, offers a unique 

vantage point for understanding the governance challenges of AI. While automation can drive 

efficiency and improve outcomes, it also introduces new demands on organizational agility, 

equity, and ethical oversight. This makes healthcare not just a testbed for innovation, but a 

critical site for advancing public administration and policy design in the digital age. 

As governments and institutions navigate this transition, a balanced model grounded in 

infrastructure, inclusion, and intentional design is essential. This research affirms that future 

gains in productivity and public value will depend not only on technology itself, but on how it is 

governed, integrated, and shared. 
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