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Abstract 
We combine 2021–2024 data on artificial intelligence (AI) adoption across U.S. short-term 
general hospitals with national measures of hospital finances, volume, employment, 
and measured quality. Using synthetic difference-in-differences, we find that AI 
adoption is followed by approximately 3% higher net patient revenue, 3% higher total 
paid hours, and 7% higher patient volume. Total and clinical expenses also rise. By 
contrast, estimates for administrative expenses, administrative hours, and employee 
full-time equivalents are imprecise under inference clustered at the hospital-system 
level. Measured risk-adjusted mortality declines for several conditions, but unadjusted 
mortality and claims-based clinical-process measures do not show corresponding 
improvements, while documented severity increases. The results therefore point most 
clearly to operational expansion, throughput, and richer documentation; they do not 
establish administrative cost savings, per-unit productivity gains, or lower underlying 
mortality. 
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1 Introduction 

Spurred by OpenAI’s release of ChatGPT in November 2022, the use of generative artificial 

intelligence (GenAI) has rapidly accelerated across the global economy (Jackson, 2023; Bryn-

jolfsson, Li and Raymond, 2025; Singla et al., 2025; Humlum and Vestergaard, 2025a). Since 

2021, an estimated $1.1 trillion has been invested in AI technologies (Stanford University 

Human-Centered Artificial Intelligence, 2025). Across industries, the potential impacts of AI 

are both multifaceted and uncertain (Brynjolfsson, Chandar and Chen, 2025; Buenaventura 

et al., 2025; Humlum and Vestergaard, 2025b). The adoption of AI technologies can improve 

firm efficiencies and operations (Babina et al., 2024). At the same time, these efficiencies 

often are expected to arise from the reduction or replacement of human-performed tasks, 

which may reduce human employment (Acemoglu, Autor and Johnson, 2023; Autor, 2024; 

Baird et al., 2026; Eloundou et al., 2024; Frank et al., 2019). In addition, the impacts of 

the adoption of AI on product quality and the corresponding impacts on consumers are 

uncertain. Thus, a fundamental question is whether the adoption of AI technologies will 

lead to the substitution of human labor and expertise or contribute to their augmentation 

(Hui, Reshef and Zhou, 2024). Similarly, the impacts on overall firm productivity and con-

sumers are not known. Although AI adoption has been underway for more than a decade, 

the impacts of this adoption on both firm performance and labor markets remain poorly 

understood (Hampole et al., 2025). 

A particularly important industry in which to study the impacts of AI adoption is the 

health care sector (Wachter and Brynjolfsson, 2024; Chen and Zink, 2025; Zink et al., 2023; 

Nguyen et al., 2025; Obermeyer, 2025; Sahni et al., 2026). Health care firms have many 

tasks for which AI technologies are expected to improve performance (e.g., using AI to 

interpret radiology images). Automation within the sector is expected to differ based on 

the skills and roles of workers (Dranove and Garthwaite, 2024). The health care industry 

also has a high proportion of administrative tasks (e.g., medical billing, patient scheduling, 

and clinical note-taking) that are currently manually performed and can be automated or 
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improved using new technologies (Sahni et al., 2024, 2026). One recent report suggested 

that hospitals spend approximately 56% of their total operating revenue on labor (Deloitte, 

2024). As a result, there is considerable potential that AI can both improve performance and 

reduce administrative burden in the U.S. health care system (Howell, Corrado and DeSalvo, 

2024; Shuaib, 2024). 

In this paper, we examine the multidimensional impacts of AI adoption in one of the 

most important segments of the U.S. health care sector: hospitals. We leverage national 

data from several sources that include detailed measures of AI adoption, as well as granular 

measures of firm performance, including patient throughput, staffing, and capacity. We also 

measure hospital quality using national data on hospital quality metrics. In addition, our 

analyses include detailed claims data from the universe of Medicare-covered hospitalizations 

that allow us to examine the underlying clinical mechanisms and assess how AI adoption 

impacts hospital performance and patient outcomes. 

A key challenge with examining this question is the inherent endogeneity between AI 

adoption and firm performance. Following previous studies that examine the impacts of firm 

technology adoption (e.g., Agha, 2014; Brynjolfsson, Li and Raymond, 2025; Freedman, Lin 

and Prince, 2018; Horn, Sacarny and Zhou, 2022), we use a generalized event study empirical 

approach. To adjust for underlying differences between hospitals that adopt AI technologies, 

we further leverage a synthetic difference-in-differences approach that combines standard 

difference-in-differences and synthetic control approaches (Arkhangelsky et al., 2021). As an 

additional test, we examine the robustness of our results to using more standard event study 

approaches (both OLS two-way fixed effects and Sun-Abraham estimators) and find similar 

results. We also use a number of placebo tests to assess the robustness of our findings to 

alternative explanations besides AI adoption. 

We find that AI adoption is followed by operational expansion rather than broad labor 

displacement. Under the baseline persistent-adopter definition, employee full-time equiva-

lents and total paid hours rise by 1.3 and 3.2 percent. Under the stronger system-clustered 
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inference, the increase in total hours remains precise, while the FTE estimate is positive 

but imprecise. Administrative paid hours have a negative point estimate, but the confidence 

interval is wide and includes both meaningful decreases and increases. We therefore do not 

interpret the administrative labor result as evidence of substitution. 

Hospital finances and volume expand at the same time. Baseline estimates indicate 3.3 

percent higher net patient revenue, 2.9 percent higher total expenses, 2.8 percent higher clin-

ical expenses, and 6.6 percent higher discharge equivalents. A contemporaneous treatment 

definition with 200 bootstrap replications clustered by hospital system produces similar es-

timates and confirms the revenue, total-expense, clinical-expense, volume, and total-hours 

results after adjustment for multiple testing. Administrative expenses remain too imprecise 

to support a cost-savings claim. Because output and inputs both rise, these totals establish 

expansion but do not by themselves establish per-unit productivity, profitability, or welfare 

gains. 

To understand the sources of observed revenue gains, we also examine the mechanisms 

through which AI adoption appears to affect hospital performance. The strongest evidence 

points to an operational channel. In follow-up analyses, AI adoption is associated with higher 

occupancy and more emergency department visits, but not with a corresponding increase in 

the hospital-wide case-mix index. We also find evidence of denser documentation and coding: 

adopting hospitals code more diagnoses, especially secondary diagnoses, and hospital-wide 

Medicare claims show more diagnoses and higher submitted charges per admission, even 

though realized Medicare reimbursement per admission does not increase. By contrast, the 

direct claims-based process measures we are able to test provide much less support for a 

narrow bedside clinical pathway such as faster diagnostics, less intensive care unit (ICU) 

escalation, or improved respiratory rescue. Taken together, the mechanism evidence is most 

consistent with AI helping hospitals expand throughput, use capacity more intensively, and 

improve documentation and risk capture. A descriptive decomposition shows that through-

put measures absorb substantially more of the revenue association than coding measures, 
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but this exercise does not causally allocate the revenue effect across mechanisms. 

The implications for patients are less clear. CMS condition-specific measures show de-

clines in measured risk-adjusted mortality for heart failure, pneumonia, chronic obstructive 

pulmonary disease (COPD), and stroke. These are hospital-level risk-adjusted performance 

measures, not counts of deaths prevented, and we do not extrapolate them into avoided 

deaths. Several patient-experience measures are unchanged, while nurse communication and 

receipt of help decline modestly. 

Yet, as discussed above, one potential impact of the adoption of AI technologies is to 

increase coding intensity to increase per-patient reimbursement. Because our mortality mea-

sures are risk-adjusted, these changes to coding intensity may increase documented patient 

severity. In such a case, it is possible for reductions in risk-adjusted mortality to reflect 

changes in observed patient complexity, rather than any actual reduction in deaths. 

To examine this interpretation, we use Medicare hospitalization data to calculate unad-

justed mortality for pooled condition-specific cohorts and test clinical processes that could 

contribute to lower mortality, such as the use and timing of echocardiography among heart-

failure admissions. We find no sustained change in unadjusted mortality and little change in 

the measured processes, while severe comorbidity and risk coding increase. These findings are 

consistent with richer documentation contributing to the measured risk-adjusted improve-

ment. They do not prove that all of the change is coding-related, because our claims-derived 

risk index is not the exact CMS risk-adjustment model and the samples and measurement 

windows differ. 

Within this set of overall results, we also examine sources of heterogeneity. We find that 

AI adoption is associated with larger revenue increases for for-profit and system-affiliated 

hospitals. We also find larger and more consistent increases in patient discharges among 

patients with either Medicare or private sources of insurance. We find smaller and noisier 

increases in lower-paying Medicaid patient discharges. 

We subject the findings to treatment-timing, donor-weight, pandemic, hospital-sample, 
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EHR-vendor, and alternative-estimator checks. Revenue, total and clinical expenses, dis-

charge equivalents, and total hours are the most stable findings. Estimates are similar 

under a contemporaneous treatment definition, after adjustment for county COVID-19 hos-

pitalization burden, and when hospital EHR vendor is interacted with year, although several 

magnitudes attenuate. Results that depend on the 2021 cohort or a strict observed-transition 

definition are less stable. Administrative expenses and administrative hours are consistently 

noisy and should not be treated as robust savings. CARES Act funding placebos generally 

do not reproduce the positive revenue estimate, but no single placebo eliminates all possible 

pandemic-era confounding. 

Our study makes several important contributions. First, the emergence of AI has led to 

high-profile policy discussions about both firm performance and whether AI technologies will 

serve as substitutes or complements for human-performed tasks. Yet, despite the importance 

of these questions, empirical evidence remains limited. Perhaps most closely related to our 

study is Brynjolfsson, Li and Raymond (2025), which examines the impacts of AI adoption 

on the productivity of approximately 5,000 customer-support workers, but does not examine 

impacts on broader labor markets or firm performance. Similarly, Baird et al. (2026) find 

that adoption of GitHub Copilot, a generative AI coding platform, led to an increase in 

hiring software engineers. Both studies are also limited to a narrow worker population. 

Related studies find evidence that AI spurs firm innovation (Babina et al., 2024, 2025). 

Other work finds firm exposure to ChatGPT led to a 0.4 percent increase in firm public 

market valuation and a decrease in worker wages. The literature on the immediate impacts 

of generative AI builds upon studies of earlier technologies. Autor (2024) examines how 

technological innovations since 1940 have segmented labor markets by worker skill. Yet 

within this literature, studies examining how AI or other technology adoption impacts the 

combination of firms, workers, and consumers, are limited. 

Second, we more narrowly contribute to the nascent literature specific to how AI tools are 

used within the health care sector and their effects. Much of what is currently known about 
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the impacts of recent use of AI by hospitals is related to the characteristics that are associated 

with adoption: system member hospitals and hospitals with higher operating margins are 

more likely to be AI adopters (Nong et al., 2025; Bin Abdul Baten, 2024; Goldfarb, He and 

Teodoridis, 2025), while hospitals located in areas with a high Social Deprivation Index, 

hospitals located in provider shortage areas, critical access hospitals, and rural hospitals are 

less likely to use AI (Nong et al., 2025; Chen and Yan, 2025). 

While differences in hospital adoption of AI technologies are well documented, the im-

pacts of hospital AI adoption on hospital labor and performance are not known. If hospital 

adoption of AI materially changes hospital finances or operations, then underlying resource 

disparities across providers may be exacerbated. Further, if AI tools, in addition to im-

pacting hospital operations, also affect patient outcomes or quality of care, then disparities 

in health outcomes are also likely to be exacerbated (Nong et al., 2025; Nong, Maurer and 

Dwivedi, 2025). However, one recent study quantified trends in the quality of care delivered 

by hospitals that adopted AI and found mixed results (Hwang et al., 2026). 

As AI technologies become prevalent, understanding their effects on hospitals and patients 

is critical. AI can automate some tasks, but it is not clear whether, at scale, it complements 

or substitutes for human labor, expands capacity, or changes care. To inform policymakers, 

administrators, and clinicians, this paper uses synthetic difference-in-differences to examine 

how hospital AI adoption is associated with operations, employment, documentation, and 

measured quality. 

2 Applications of AI in Health Care 

The introduction of AI has prompted speculation about its potential to transform the health 

care sector (Cutler, 2023; Obermeyer, 2025; Kocher, Zhao and Duffy, 2026). Hospitals are 

important healthcare providers that are likely to be uniquely impacted by AI adoption. AI 

may affect hospital healthcare delivery and cost through several mechanisms (Sahni et al., 
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2026). AI may substitute for human labor in administrative tasks such as billing, man-

agement, scheduling, and documentation; complement clinicians by integrating structured 

and unstructured data in ways that support decision-making; and generate efficiency gains 

in monitoring, diagnosis, and workforce allocation (Dranove and Garthwaite, 2024; Sahni 

et al., 2024). 

AI can impact hospital spending and performance through several mechanisms. Savings 

and improvements may come from improvements in clinical operations, quality and safety, 

continuity of care, reimbursement, corporate functions, or clinical analytics (Sahni et al., 

2024). One estimate suggests that hospitals could achieve net savings of $60 billion to $120 

billion annually within five years without reducing quality or access to care, with roughly 

40 percent of savings coming from lower administrative costs and 60 percent from lower 

medical costs (Sahni et al., 2024). These potential savings could arise from replacing some 

administrative labor, improving the allocation of existing staff, and reducing inefficiencies 

in hospital operations. For example, Duke Health reported that it reduced temporary labor 

staffing by 50 percent after using AI tools to better align staffing levels with patient demand 

(Kass-Hout, 2025). 

At the same time, AI is potentially more likely to complement than replace skilled clinical 

labor. Many clinical tasks require professional judgment, interpretation of unstructured 

information, and accountability for decisions, which limit the scope for full automation. 

Instead, AI may augment clinicians by improving information processing, documentation, 

and decision support. Potential benefits include faster and more accurate diagnosis (Jiang, 

Edwards and Newstead, 2021; Khalifa and Albadawy, 2024), improved patient engagement 

and adherence (Babel et al., 2021; Sekandi et al., 2023), and lower documentation burden. 

For example, one recent study found that physician use of an AI scribe was associated with 

13.4 fewer minutes of electronic health record time, 16.0 fewer minutes of documentation 

time, and 0.49 additional weekly visits delivered (Rotenstein et al., 2026). Examples from AI 

companies point to similar mechanisms: Abridge reports that its tools assist clinicians before, 
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during, and after visits by supporting documentation and decision-making, while Aidoc 

reports shorter turnaround times for positive pulmonary embolism findings after deployment 

of its radiology tools.1 AI tools that allow clinicians to see more patients or spend less time 

per encounter while maintaining quality could increase labor productivity and lower the cost 

per visit without reducing the demand for clinical workers. 

AI tools may also alter where and by whom care is delivered. Lower-cost monitor-

ing, triage, and diagnostic capabilities could shift some care from more expensive inpatient 

settings to less expensive outpatient or telehealth settings. AI may also support earlier 

intervention before conditions escalate in severity and cost. In addition, some services cur-

rently delivered by specialists may become feasible by lower-cost generalists when helped by 

algorithmic support. For example, AdventHealth reported that AI-enabled patient flow man-

agement reduced patient movement times within their hospital by 15 minutes and improved 

patient placement by 20 minutes (AdventHealth, 2022). 

Yet, empirical evidence on the effects of AI adoption on hospital performance is lim-

ited. Prior research has focused primarily on rates of self-reported AI adoption by hospitals 

(Nguyen et al., 2025; Nong et al., 2025; Bin Abdul Baten, 2024; Goldfarb, He and Teodor-

idis, 2025; Hwang et al., 2026). The existing empirical literature on AI and hospital quality 

is mixed (Hwang et al., 2026). Thus, while AI may reduce administrative costs, increase 

clinician productivity, and shift care toward less costly settings and provider types, the 

magnitude of these effects in hospitals remains unknown. 

3 Data 

3.1 Hospital AI Adoption 

We use data from the American Hospital Association (AHA) Annual Survey to classify 

hospitals as AI adopters or non-adopters. The AHA Annual Survey began asking questions 

1Sources: www.abridge.com/platform/clinicians and info.aidoc.com/radiology-ai-demo. 
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related to AI in 2021. We used 2021 to 2024 AHA Survey data to track AI adoption by 

hospitals. The 2024 Annual Survey included hospital characteristics for all 6,100 hospitals 

in the United States, of which 5,121 were community hospitals (i.e., nonfederal, short-term 

general, and other specialty hospitals) (American Hospital Association, 2026). For this study, 

we only considered survey responses from the 4,214 short-term general hospitals within the 

larger group of community hospitals as they accounted for an overwhelming majority (95%) 

of community hospital admissions and are more easily comparable (in terms of services 

offered) than specialty and long-term hospitals. 

The survey questions related to AI changed for the 2024 survey and contained more detail 

than the AI question in the 2021-2023 surveys, which simply asked “Does your hospital use 

artificial intelligence (AI) or machine learning in the following? (Check all that apply): 1) 

predicting staffing needs, 2) predicting patient demand, 3) staff scheduling, 4) automating 

routine tasks, 5) optimizing administrative and clinical workflows, 6) none of the above.” In 

2024, the survey asked about clinical vs. operational use of AI and whether hospitals were 

not implementing AI, exploring it, piloting/testing it, expanding it, or had fully integrated 

it (see Figure A1 for the survey questions). 

Among the short-term general hospitals in the United States in 2024, 2,406 (57%) re-

sponded to this question. The response rate was similar in 2023 (53%) and 2022 (56%), but 

lower in 2021 (20%). Among the 4,093 short-term general hospitals in our analytic sample 

between 2021 and 2024, 2,856 (70%) answered the AI question in at least one year of the 

survey. 

Our baseline specification uses a persistent-adopter definition. A hospital enters the 

treated group in the first year during FY2021–FY2023 that it checked any AI-use box, 

provided that its 2024 response was “expanding” or “fully integrated.” Hospitals whose 

later response did not meet that threshold are excluded from the baseline treated group. In 

2024, hospitals enter treatment if they report “expanding” or “fully integrated.” Hospitals 

that never report qualifying use, including nonrespondents, form the baseline comparison 
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group. This rule prioritizes sustained, substantive implementation, but it uses information 

observed after some hospitals’ initial reports. We therefore also estimate a contemporaneous 

definition based only on information available in each survey year, a definition that excludes 

the sparsely observed 2021 cohort, and a strict observed-transition definition. Appendix 

Table A4 reports these sensitivity analyses, and a responders-only analysis addresses possible 

hidden adopters among survey nonrespondents. 

3.2 Hospital Performance and Quality 

We used Healthcare Cost Report Information System (HCRIS) data to construct measures of 

hospital performance and financial status. HCRIS is a comprehensive collection of financial 

and statistical information that Medicare-certified institutional health care providers are 

required to submit annually to CMS. For hospitals, the data provide a detailed breakdown 

of a facility’s operations, including its costs, charges, utilization, and finances. We extracted 

2017-2024 data for eight primary outcomes: net patient revenue, total expenses, expenses for 

clinical activities, expenses for administrative activities, discharge equivalents (i.e., volume), 

employees on payroll (full-time equivalents), total paid hours, and administrative and general 

paid hours. These data have previously been used to measure hospital performance (Prager 

and Schmitt, 2021; Schmitt, 2017). 

To measure care quality, we used 2017-2024 quality of care data from CMS’s Hospital 

Compare dataset. We assessed the association between AI adoption and seven quality out-

come measures: six mortality measures – the 30-day mortality rate after being admitted 

to the hospital for heart attack, heart failure, pneumonia, chronic obstructive pulmonary 

disease (COPD), stroke, or coronary artery bypass graft (CABG) surgery, respectively – 

and a hospital’s all-cause 30-day readmission rate. We additionally extracted five patient 

experience measures – communication with nurses, communication with doctors, receiving 

help, rating the hospital a 9 or 10, and recommending the hospital. The mortality and 

readmission measures are commonly used in the literature (Oseran et al., 2023; Werner and 
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Bradlow, 2006), as are the patient communication and hospital recommendation measures 

(Jha et al., 2008). 

We supplemented these data with 2017-2024 Medicare administrative claims and en-

rollment records. The Medicare Provider Analysis and Review (MedPAR) file contains 

stay-level records for inpatient admissions among Medicare fee-for-service (FFS) beneficia-

ries, including the treating hospital, admission and discharge dates, diagnosis and procedure 

codes, present-on-admission indicators, utilization, charges, and Medicare reimbursement. 

We linked these admissions to annual beneficiary enrollment files to measure age, sex, race 

and ethnicity, dual-eligibility status, and Medicare Advantage enrollment during the year. 

We used these data to construct hospital-year measures of ED-origin admissions, patient 

composition, diagnosis-coding intensity, utilization, and mortality among patients admitted 

for COPD, pneumonia, heart failure, and stroke. The risk-adjusted mortality analysis be-

gins in 2018 because it requires prior-year claims history. For the surgical-volume analysis, 

we additionally linked a 20% sample of FFS Carrier claims to MedPAR stays to identify 

inpatient surgical procedures and the performing surgeon. 

4 Empirical Approach 

A key challenge when assessing the impacts of AI on hospital performance is that hospitals 

that adopt AI likely differ from those that do not. For example, adopters may have more 

financial resources or operate in more favorable payer environments. As a solution, we used 

the Synthetic Difference-in-Differences (SDID) method to estimate the association between 

AI adoption and changes in our outcome measures (Arkhangelsky et al., 2021). 

The goal of SDID is to estimate the Average Treatment Effect on the Treated (ATT) 

by constructing a credible counterfactual for what would have happened to the treated 

units in the absence of treatment. From synthetic control (SC), SDID borrows the idea of 

reweighting untreated (control) units to create a “synthetic” control group. This synthetic 
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control is constructed such that its outcome trends in the pre-treatment period closely match 

the trends of the treated group. SDID incorporates the core logic of difference-in-differences 

(DID) by allowing for time-invariant differences between the treated and control groups (i.e., 

unit fixed effects), meaning the method focuses on matching pre-treatment trends rather than 

requiring a perfect match in pre-treatment outcome levels, thereby relaxing a key assumption 

of the standard SC method. 

A key innovation of SDID is the introduction of time weights. In addition to weighting 

control units, SDID also weights the pre-treatment time periods. It gives more importance 

to periods that are more predictive of outcomes in the post-treatment period, which can 

improve the estimator’s precision and robustness. 

The core estimating equation is: 

(τ̂ sdid , ˆ µ, ˆ α, β̂) = arg min 
τ,µ,α,β 

 
N
i=1 

T 

t=1 

(Yit − µ − αi − βt − Witτ)
2 ω̂ sdid 

i λ̂ sdid 
t 

 

, 

where Yit is the outcome for unit i at time t, Wit indicates treatment, and αi and βt are unit 

and time fixed effects, respectively. This hybrid approach makes SDID robust in settings 

where traditional DID may fail due to non-parallel trends and where traditional SC may fail 

because the treated unit’s outcomes are outside the range of the control units. 

In this study, we were faced with both non-parallel trends and differences in pre-treatment 

outcome levels. The trends were frequently different across treated and control groups and 

there were sizable level differences given that treated hospitals are generally larger. 

Our analysis uses a balanced panel of 4,093 U.S. short-term general hospitals from 2017 

through 2024. Under the baseline persistent-adopter definition, the treated group consists 

of 1,511 hospitals first treated between 2021 and 2024, and the comparison group consists 

of 2,582 hospitals that do not meet the adoption definition during the study period. The 

main dynamic figures use this definition. Because it conditions on sustained implementation 

observed in 2024, we also report estimates using contemporaneous survey-year status and 
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other treatment-timing rules. 

Estimation proceeds separately by adoption cohort. For cohort a, the pre-treatment 

period runs from 2017 through a − 1, and the donor pool contains hospitals that never 

meet the relevant treatment definition. Unit weights (ω̂ja) construct a synthetic control that 

reproduces the treated cohort’s pre-adoption path, while time weights (ˆ λta) determine the 

pre-adoption benchmark. Let Ȳa,t be the mean outcome for treated hospitals in cohort a. 

With event time zero defined as the adoption year, the cohort-by-event-time effect is 

τa,l = 

 

Ȳ a,a+l − 
 

j 

ω ja Y j,a+l 

 

− 
 

t<a 

λta 

 

Ȳ a,t − 
 

j 

ω ja Y j,t 

 

. 

Building on this foundation, the SDID framework can be extended to an event-study 

analysis to understand the dynamic, period-by-period effects of a treatment. This extension 

disaggregates the overall ATT into a series of estimates, showing how the treatment effect 

evolves over time after implementation. 

The event-study extension reports these effects separately by event time. The cohort-

specific SDID estimate averages the observed post-treatment event times for that cohort. 

In a staggered adoption setting where different cohorts receive treatment at different 

times, it is useful to have a single estimate for the effect at a specific lag l (e.g., the average 

effect two years post-treatment). This is achieved by calculating the aggregated dynamic 

estimator (τ̂ sdid 
l ), which is a weighted average of the cohort-specific dynamic effects (τ̂ sdid 

a,l )

across all cohorts observed l periods after their treatment began. The weights are based on 

the relative number of treated units in each cohort, giving more influence to larger cohorts. 

The formula for this aggregated dynamic estimator is: 

τ̂ sdid 
l = 

 

a∈Al 

Na 

Nl 
τ̂ sdid 
a,l , 

where Nl = 
 

a∈Al 
Na is the number of treated hospitals observed at event time l. Our 

overall treated-hospital-year (THY) estimand weights each observable cohort-by-event-time 
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effect by the number of treated hospitals contributing to that cell: 

τ T HY = 


a 

 
l∈La 

Naτa,l
a 

 
l∈La 

Na 
= 
 

l 

Nl 
s Ns 

τl. 
For the eight primary outcomes in Table 4, inference uses 200 nonparametric bootstrap 

replications clustered by hospital system, with independent hospitals treated as separate 

clusters. We report 95% intervals and control family-wise error across the eight outcomes 

using Holm-adjusted p-values; Benjamini–Hochberg false-discovery-rate adjustments yield 

the same substantive conclusions. The event-study figures use 50 hospital-clustered boot-

strap replications and are interpreted as descriptive evidence about dynamics rather than as 

the primary multiplicity-adjusted inference. For completeness, we also estimate traditional 

two-way fixed-effects (TWFE), Sun and Abraham (2021), and propensity-score-matched 

models. The matched stacked event studies and summary difference-in-differences regres-

sions are estimated by OLS with matched cohort-by-hospital and matched cohort-by-year 

fixed effects and hospital-clustered standard errors; they are not Sun–Abraham estimates. 

We assess the credibility of the synthetic controls using pre-period normalized root 

mean squared prediction error, effective donor counts, the maximum donor weight, treated-

outcome support, exclusion of same-system donors, uniform rather than estimated time 

weights, and leave-one-out removal of the highest-weight donor. Appendix Table A3 sum-

marizes these diagnostics. All eight primary outcomes lie within donor support and no single 

donor is influential. Pre-period fit is strongest for revenue, expenses, and volume and ma-

terially weaker for labor hours, especially administrative hours; this difference informs our 

interpretation of the results. 
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5 Results 

5.1 Descriptive Characteristics of Hospital AI Adoption 

We identified 1,511 hospitals that adopted AI over the 2021-2024 period. 624 hospitals first 

reported using AI in 2021, while 165, 100, and 622 hospitals adopted in 2022, 2023, and 2024, 

respectively. Figure 1 maps where the 1,511 AI-adopting hospitals are located throughout 

the U.S. Adoption does not appear to be concentrated in any particular region of the country. 

Table 1 compares characteristics of the AI adopter and non-adopter hospitals at baseline in 

2017. AI adopter hospitals were larger (221 beds vs. 114 beds), more likely to be part of a 

system (0.87 vs. 0.61), less likely to be critical access hospitals (0.19 vs. 0.39), more often 

located in urban areas (urban continuum code 2.7 vs. 4.1), less likely to be for-profit (0.07 

vs. 0.22), more often a major teaching hospital (0.13 vs. 0.05), and had higher case-mix 

indices (1.68 vs. 1.56) than non-adopter hospitals. 

5.2 Labor Market Impacts 

Figure 2 shows a 1.3% increase in employee FTEs and a 3.2% increase in total paid hours 

under the baseline persistent-adopter definition. The stronger contemporaneous-treatment 

analysis in Table 4 yields a similar 3.2% increase in total hours with a system-clustered 95% 

confidence interval of 1.8% to 4.6%. The FTE estimate is positive but imprecise under that 

inference. Administrative paid hours have a negative point estimate in both specifications, 

but their confidence intervals are wide; we therefore treat the administrative-hours result as 

inconclusive. The event studies are useful for describing timing, while the system-clustered 

table provides the primary inference. 

These results do not support broad employment displacement during the study period. 

They are consistent with AI accompanying an expansion in hospital activity and total labor 

input, although the data do not identify task-level substitution or changes in the occupational 

mix. 
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5.3 Hospital Finances and Volume 

Turning to finances and volume, the baseline estimates show a 3.3% increase in net patient 

revenue, a 2.9% increase in total expenses, a 2.8% increase in clinical expenses, and a 6.6% 

increase in discharge equivalents (Figure 3). The corresponding contemporaneous-treatment 

estimates in Table 4 are 2.8%, 2.1%, 2.7%, and 7.1%, respectively, and all remain precise after 

system-level clustering and Holm adjustment. Outcomes estimated in logs are transformed to 

percent changes. Because revenue, expenses, volume, and labor inputs all rise, these findings 

show organizational expansion but do not by themselves demonstrate per-unit productivity 

or efficiency gains. 

The event-study plots for the five finance and volume outcomes are shown in Figure 4. Net 

patient revenue rises after adoption and the point estimates grow at later event times (Panel 

A), although later estimates increasingly reflect the early-adopting cohort. Administrative-

expense estimates are negative at some event times but become noisy, and the stronger 

inference in Table 4 includes zero. We therefore do not interpret the administrative-expense 

series as evidence of robust cost savings. 

5.3.1 Hospital finances and volume mechanisms 

Several mechanisms may underlie the observed expansion. AI may alter administrative 

tasks such as billing, scheduling, and management or complement clinicians through diag-

nostic support, risk stratification, and workflow optimization. We examine increased patient 

throughput, coding intensity, and patient selection. The evidence is strongest for opera-

tional throughput and documentation-related mechanisms, while the claims-based measures 

provide much less evidence of a direct clinical pathway. 

Mechanism 1: Throughput and capacity expansion We first examine changes in 

patient throughput and capacity. To do so, we extend our main finding of a 6.6% increase 

in discharge equivalents. We first examine whether the volume increases are contained to a 
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particular service type (e.g., inpatient) or payer (e.g., commercial) or applied more broadly. 

Figures A2 and A3 in the Appendix show volume increased across the board – by type 

(inpatient, outpatient) and payer (commercial, Medicare, and Medicaid). Most notably, we 

find similar increases in commercial insurance and Medicare volume, but smaller changes in 

lower-paying Medicaid patient volume. 

To further explore changes in throughput, we next examine whether increases in patient 

volume are due to increases in physical capacity or changes in the use of existing capacity. 

Notably, finding changes in physical capacity could be a potential confounder for our core 

results. In addition, hospital beds did not increase at adopting hospitals until three years 

post-adoption and when bed expansion did occur it was at a much smaller level (2.0%) 

than the increase in patient volume. However, we find that AI adoption increases hospital 

occupancy by about 6.4% in logs (or about 3.0 percentage points in levels). Thus, it does 

not appear to be the case that the observed increase in hospital patient volume following AI 

adoption is due to increased physical capacity, but rather an increase in the use of existing 

capacity. 

We next examine changes in throughput that occur through the emergency department 

(ED) channel. Emergency departments are a major pathway to inpatient care: in 2022, 

11.5% of ED visits resulted in admission to the same hospital, and 2018 benchmarking data 

suggest that approximately 70% of hospital admissions were processed through the ED.2 

Inpatient volume could increase if emergency departments see more patients or if hospitals 

admit a greater share of ED patients. We use the MedPAR ER-charge field to identify FFS 

inpatient stays that originated in the ED.3 In the national FFS MedPAR data, the share of 

inpatient admissions with an ER charge rose steadily over the sample period, from 69.3% in 

2017 to 76.9% in 2024, consistent with an increasing role for the ED in inpatient admission 

pathways. 

2Source: National Center for Health Statistics. National Hospital Ambulatory Medical Care Survey: 
2022 Emergency Department Summary Tables and (Melnick et al., 2022). 

3The ER-charge field is available in our FFS MedPAR files but not in the corresponding MA encounter 
files. 
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Figure 5 reports synthetic difference-in-differences event-study estimates for ED-origin 

admissions and the share of inpatient admissions originating in the ED. The pre-adoption 

placebo estimates are economically close to zero. Following AI adoption, ED-origin admis-

sions increase progressively, rising by 3.7% in the adoption year, 8.4% after one year, 13.3% 

after two years, and 21.0% after three years. In contrast, the ED-origin share remains flat to 

modestly lower, with post-adoption estimates ranging from approximately −1.7% to −3.2%; 

only the year-one estimate is statistically distinguishable from zero. Thus, AI-adopting hos-

pitals admit more patients through the ED in levels, but this growth is part of a broader 

increase in inpatient volume rather than a shift toward routing a larger fraction of admissions 

through the ED. This pattern is consistent with other evidence that operational changes can 

increase ED throughput without materially changing hospitals’ reliance on the ED admission 

pathway (Richards and Whaley, 2024). 

Mechanism 2: Surgical volume Volume could increase because hospitals hire more 

doctors, existing doctors perform more procedures, or some combination of additional hir-

ing and increased per doctor caseload. We examine inpatient surgical volume to assess 

how much each channel matters. One possibility is that AI adoption improves hospital 

throughput or capacity management, allowing hospitals to accommodate more procedures 

without a proportional increase in fixed inputs. Surgical care is a useful mechanism test 

because inpatient procedures are high-revenue, capacity-constrained episodes where changes 

in scheduling, perioperative coordination, documentation, triage, or bed management could 

plausibly translate into measurable volume growth. We measure these patterns using Carrier 

(e.g., physician) claims linked to MedPAR stays, which identify inpatient surgical stays and 

the surgeons associated with those stays. To reduce sensitivity to one-off provider appear-

ances and small hospital-year samples, our preferred specification counts a surgeon NPI only 

when it is associated with at least five linked surgical stays in that hospital-year and restricts 

the sample to hospitals with at least 50 linked surgical stays in every year. 
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Using these more conservative definitions, AI adoption is associated with a 6.2% average 

increase in qualifying surgeon NPIs and a 2.5% increase in stays per qualifying surgeon. The 

event-study estimates increase gradually, reaching 10.5% and 4.6%, respectively, three years 

after adoption, while the pre-adoption placebo estimates remain close to zero. Thus, the 

increase in surgical volume appears to operate through both broader surgeon participation 

and somewhat greater activity among repeatedly observed surgeons, with the participation 

margin accounting for the larger share. Because NPIs identify surgeons observed performing 

procedures rather than hospital employees, the first estimate should not be interpreted as a 

direct measure of hiring. Instead, it indicates that AI-adopting hospitals retain or engage 

more repeatedly active surgeons relative to their synthetic comparison hospitals (Figure 6). 

Mechanism 3: Changes in patient composition We similarly examine if the increases 

in capacity are due to changes in patient composition. To do so, we examine changes in 

observable patient characteristics (e.g., age, sex, race, and income status) using the MedPAR 

data. To measure changes in patient income, we measure dual enrollment in both Medicare 

and Medicaid. As with the ED analysis, we limit the MedPAR sample to the FFS population. 

Although beneficiary demographic fields are well populated for both FFS and MA enrollees, 

we restrict these analyses to FFS MedPAR admissions because our MA encounter file was 

not complete through 2024 and therefore could not support a consistent 2017–2024 panel. 

The SDID event study for mean patient age shows little evidence of a compositional 

shift. Post-adoption estimates range from approximately −0.02% to 0.08% and are statis-

tically indistinguishable from zero, while the pre-adoption placebo estimates are similarly 

small. Thus, the increase in volume does not appear to be driven by AI hospitals admitting 

meaningfully younger or older patients (Figure 7). Other patient characteristics point to 

a similar conclusion. Estimated changes in the female share are small and statistically in-

significant. We also find no overall meaningful changes in hospitals’ case-mix indices, which 

capture expected patient complexity (Table 2). However, we do find small increases in case-
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mix several years after AI adoption (Figure 7). Taken together, these results suggest that 

the post-adoption volume increase is not primarily explained by a large observable shift in 

the composition of admitted patients. 

Mechanism 4: Denser documentation and coding The fourth mechanism we ex-

amine is broader documentation intensity and risk capture. Across insurers, US hospitals 

are largely paid based on patient and condition severity. A key and long-appreciated chal-

lenge is that “true” severity is unobserved, leading to incentives to “upcode” patients and 

conditions (Cutler and Zeckhauser, 2000; Dafny, 2005). Indeed and as summarized above, 

a key mechanism of many health care AI, as well as previous technologies, is to increase 

coding and documentation intensity. To examine this mechanism, we use the MedPAR data 

to construct several measures of coding intensity, including total diagnoses per admission, 

secondary diagnoses per admission, and newly coded conditions. 

As highlighted in Table 3, we find meaningful increases in coding intensity. The pri-

mary coding-intensity estimates use the pooled COPD, pneumonia, heart failure, and stroke 

cohorts. We then test whether the findings generalize in a separate hospital-wide panel 

containing all Medicare FFS acute inpatient admissions. AI adoption increases the total 

number of diagnoses and secondary diagnoses coded on the claim. The follow-up present-on-

admission tests point in the same direction. After adoption, hospitals code more diagnoses 

that are flagged as already present when the patient arrived, but they also code more diag-

noses that are not flagged that way. Because both categories rise, the percentage marked 

present on admission falls slightly. This is not the pattern we would expect if AI were mainly 

helping hospitals uncover a fixed set of previously under-documented pre-existing comorbidi-

ties at admission. Instead, it suggests broader growth in documentation intensity over the 

course of the stay. Consistent with that interpretation, we also do not find evidence of an 

increase in newly recorded chronic conditions that were absent from the patient’s prior-year 

claims history. 
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The results presented in Table 3 that use the hospital-wide Medicare FFS panel points in 

the same direction, but also clarifies what this mechanism is not. After dropping any hospital 

that ever has a nonpositive mean Medicare reimbursement or ever falls below 10 Medicare 

FFS admissions in a year, AI adopters have more diagnoses per Medicare admission and 

higher submitted charges per admission. Under a stricter sensitivity screen that drops any 

hospital ever below 25 Medicare FFS admissions, those patterns remain similar. However, 

average Medicare reimbursement per admission falls rather than rises, even as total Medicare 

FFS discharges increase substantially. Because the main paper’s revenue result is hospital-

wide net patient revenue across all payers, it need not move in parallel with Medicare FFS 

reimbursement per admission. 

These results are not consistent with a mechanism in which denser coding mainly boosts 

Medicare payment per stay. Instead, the financial value of denser documentation appears 

more likely to come from broader organizational channels: more complete records, stronger 

revenue-cycle support, and better measured severity in settings where risk adjustment mat-

ters. In this sense, the coding results align with the mechanism that some of the observed 

increases in risk-adjusted quality reflect hospital risk documentation increases conditional 

on documented patient severity, even if average Medicare FFS payment per admission does 

not rise. Taken together, these results do not suggest aggressive fabrication of new chronic 

conditions or straightforward “upcoding” into higher Medicare payment per stay, but more 

complete documentation and risk capture overall, combined with higher throughput. 

Relative contribution of candidate mechanisms. As a descriptive accounting exer-

cise, we add candidate mechanism indices to a two-way fixed-effects model of log net patient 

revenue and measure how much the reduced-form AI coefficient attenuates. A throughput 

index combining discharge equivalents, inpatient discharges, and occupancy attenuates the 

coefficient by 58.0%, whereas a coding and billed-intensity index attenuates it by 4.3% (2.7% 

when coding is measured only by diagnoses per claim). These quantities are not causal me-
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diation estimates: the candidate mechanisms are post-treatment outcomes, may be jointly 

determined, and are measured with error. They show only that observed throughput mea-

sures account for more of the revenue association than the available coding measures. 

5.3.2 Primary-Outcome Inference 

Table 4 reports the eight prespecified operational outcomes using the contemporaneous treat-

ment definition, 200 bootstrap replications clustered by hospital system, and multiplicity-

adjusted p-values. Revenue, total expenses, clinical expenses, discharge equivalents, and 

total paid hours remain statistically distinguishable from zero after Holm adjustment. Em-

ployee FTEs, administrative expenses, and administrative paid hours do not. These results 

motivate our distinction between robust evidence of expansion and uncertain evidence about 

administrative savings or employment composition. 

5.4 Impacts on Hospital Quality 

Our next core result examines changes in hospital quality following AI adoption. Changes 

to hospital quality are both a measurable and important way to quantify the impact of AI 

technologies on consumer welfare. To examine changes in quality, we first measure changes 

in risk-adjusted mortality using “Hospital Compare” measures that CMS uses to monitor 

hospital quality. The Hospital Compare metrics include both hospital clinical quality, mea-

sured through condition-specific readmission and mortality rates, and patient experience and 

satisfaction metrics.4 

As highlighted in Figure 8, we find meaningful reductions in risk-adjusted mortality for 

several clinical categories. Specifically, AI adoption is associated with a 0.22 percentage 

point (pp) decrease in the risk-adjusted heart failure mortality rate. The event studies in 

Figure 9 show steady reductions in risk-adjusted mortality following AI adoption. The mean 

4The Hospital Compare clinical metrics are constructed using Medicare claims data, while the patient 
experience and satisfaction metrics are constructed using random surveys of hospitalized Medicare benefi-
ciaries. 
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heart failure mortality rate at baseline for AI adopters was 11.8%, so this corresponds to 

a 1.9% relative decrease. AI adoption was also associated with a 0.41 pp decrease in the 

pneumonia mortality rate, a 0.21 pp decrease in the COPD mortality rate, and a 0.22 pp 

decrease in the stroke mortality rate, which correspond to 2.5%, 2.4%, and 1.6% relative 

decreases, respectively. The other three quality outcome measures we analyzed were not 

associated with AI adoption. These are measured risk-adjusted mortality outcomes, so they 

should be interpreted with some caution. As discussed in the mechanisms section below, the 

follow-up coding results suggest that some portion of the apparent improvement may reflect 

richer documentation and risk capture rather than a single direct bedside clinical pathway. 

For patient experience (Figure 10), three of the five quality patient experience measures 

we analyzed likewise were not associated with AI adoption, with nurse communication and 

“receiving help” being the exceptions. AI adoption was associated with a 0.44 pp decrease 

in the percentage of patients who said their nurses always communicated well. At baseline, 

80% of patients at AI-adopting hospitals reported their nurses always communicated well, 

so this effect corresponds to a less than 1% relative decrease. AI adoption was associated 

with a 0.21 pp decrease in the percentage of patients who said they received help when 

needed. At baseline, 67% of patients at AI-adopting hospitals reported receiving help when 

needed, so this effect corresponds to a less than 1% relative decrease. Notably, the patient 

experience changes show decreased patient experience with areas involving communication. 

One potential mechanism is that AI technologies may replace in-person communication. 

5.4.1 Patient Quality Mechanisms 

The reductions in risk-adjusted mortality are sizable as measured, but they should not be 

equated with deaths prevented. Because the CMS measures are risk-adjusted, they can 

change through underlying outcomes, documented risk, or both. As highlighted above, 

diagnosis density and billed charges also increase, although realized Medicare reimbursement 

per admission does not. To assess the mortality results, we explore clinical pathways that 
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could influence mortality and changes in underlying risk coding. 

Clinical pathways We first leverage the Medicare claims data to examine clinical out-

comes and processes that should influence condition-specific mortality. Finding granular 

evidence of clinical improvements following AI adoption would suggest that our observed 

mortality declines are driven by changes in actual performance. To do so, we use a set of 

measures, summarized in Table 5, that should impact condition-specific mortality (e.g., use 

and speed of echocardiogram diagnostic tests for heart failure patients). 

However, the claims-based process measures do not provide evidence of a strong direct 

clinical pathway that would explain the lower mortality (Table 5 summarizes these results). 

We do not find faster echocardiograms in heart failure, faster head CT in stroke, more 

frequent echocardiograms in heart failure, or more frequent head CT in stroke. We also do 

not find meaningful reductions in ICU use or ICU days for COPD, pneumonia, heart failure, 

or stroke. The respiratory process measures are similarly non-suggestive: the non-invasive 

stabilization measure is essentially zero and the intubation or respiratory-failure measure 

is slightly positive rather than negative. These null and uncertain results for these clinical 

tests cast doubt on the observed reductions in risk-adjusted mortality being driven by actual 

changes in mortality. 

Changes to Risk Adjustment Our main quality results should be interpreted as im-

provements in measured, risk-adjusted mortality rather than evidence of lower underly-

ing mortality. To decompose risk-adjustment and actual mortality improvements, we con-

structed a claims-based unadjusted mortality panel for the four conditions with apparent 

CMS quality improvements: heart failure, pneumonia, COPD, and stroke. To measure the 

influence of risk scores, we focus on severe risk coding, defined as the number of serious 

comorbidities and acuity markers captured on the inpatient claim, because these docu-

mented conditions can increase measured patient severity and, in some cases, affect both 

risk-adjusted quality metrics and inpatient reimbursement. 

24 



Figure 11 combines these two metrics across all four conditions. In this event study, AI 

adoption is followed by a clear increase in severe claims-based risk and comorbidity coding. 

After AI adoption, severe risk coding increases gradually and persistently, rising by roughly 

1.2 to 1.6 percent in years 1 through 3 after adoption. In contrast, unadjusted mortality is 

flat. The mortality estimate falls in the first post-adoption year but then returns close to 

zero in subsequent years. These patterns suggest that AI adoption is associated with more 

intensive documentation of severe comorbidities, while there is no evidence for a sustained 

reduction in underlying mortality. 

Overall interpretation. Taken together, our findings points most strongly to AI im-

pacting hospital operations. After AI adoption, hospitals move more patients through the 

organization, use capacity more intensively, and handle more emergency department volume 

without a corresponding increase in hospital-wide case mix. These patterns suggest that AI 

is helping hospitals expand throughput and tighten capacity use rather than simply shifting 

toward observably sicker patients. A second, but still important, channel is documentation 

and risk capture. Adopting hospitals code more diagnoses, especially secondary diagnoses, 

and do so on both the present-on-admission and non-present-on-admission margins. In the 

hospital-wide Medicare panel, billed charges per admission also rise, but realized Medicare 

reimbursement per admission does not. That pattern is more consistent with more complete 

documentation, NLP extraction, revenue-cycle support, and stronger measured severity in 

risk-adjusted settings than with a simple payment-per-claim upcoding story. 

At the same time, the current claims-based process measures provide much less support 

for improvements in underlying clinical outcomes. We do not observe faster diagnostic 

testing, less ICU escalation, or clearer signs of improved respiratory rescue after adoption. 

The overall picture is therefore one of expanded throughput and more intensive capacity 

use, alongside denser documentation, coding completeness, and measured severity. Because 

both output and inputs rise, we do not label this pattern a per-unit efficiency gain. The 
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combination of denser coding, flat unadjusted mortality in the claims-based cohorts, and 

largely null process measures suggests that richer documentation may contribute to the 

improvement in measured risk-adjusted mortality. That conclusion remains qualified: our 

severe-risk index is not the exact CMS model, and the CMS and claims analyses use different 

outcome construction and windows. The evidence does not establish that AI raises Medicare 

payment per admission or changes a specific acute clinical decision observable in claims. 

5.5 Additional Results 

We additionally find that AI adoption is associated with larger increases in revenues among 

for-profit, non-critical access, and system hospitals, but subgroup estimates were not sta-

tistically different from one another, largely because of reduced sample size. We find little 

heterogeneity across the same three dimensions in terms of effects on administrative expenses 

(Figures A4 and A5). 

6 Robustness Tests and Heterogeneity 

We assess alternative treatment definitions, adoption cohorts, comparison groups, pandemic-

era confounding, hospital samples, EHR vendors, and estimators. We also report direct 

diagnostics of the synthetic controls. These exercises distinguish findings that recur across 

demanding specifications from findings that are sensitive to timing or inference. 

The clearest recurring pattern is higher volume together with higher revenue, clinical 

spending, and total paid hours. The exact magnitudes attenuate under some treatment-

timing and EHR specifications, and the strict observed-transition design is less supportive. 

Administrative expenses and administrative hours are not robustly different from zero. The 

results therefore support a narrower conclusion about operational expansion, not a general 

claim of administrative savings or efficiency. 

26 



6.1 Types of AI Technology Adoption 

Table A1 summarizes the types of clinical and operational AI hospitals are adopting. Among 

the more than 2,000 hospital respondents to the 2024 AI survey questions, summing the 

“expanding” and “fully integrated” categories makes clear that hospital AI adoption is con-

centrated in specific clinical applications. Notably, Clinical Decision Support Tools (43%), 

Predictive Analytics for Patient Care (39%), and AI-Assisted Diagnostics (37%) demon-

strate substantially higher adoption rates compared to the rest of the surveyed applications. 

While operational applications generally lag behind, Revenue Cycle Management does show 

some meaningful traction, with 29% of hospitals reporting it as expanding or fully integrated. 

Overall, however, the highest rates of deep integration are concentrated within patient-facing 

and diagnostic tools, suggesting that advanced clinical AI implementation is currently more 

common and mature than operational AI use cases in hospitals. 

To examine whether the effects of AI differ by the type of technology adopted, we classify 

the 1,511 AI-adopting hospitals into three mutually exclusive groups based on their 2024 

AHA survey responses: clinical only (566 hospitals, 37%), operational only (156 hospitals, 

10%), and both clinical and operational (789 hospitals, 52%). A hospital is classified as 

a clinical adopter if any clinical AI variable is “expanding” or “fully integrated” and no 

operational variable meets that threshold, and analogously for operational-only adopters. 

Hospitals meeting the threshold in both domains are classified as “both.” For hospitals that 

first adopted AI in 2021–2023 based on the earlier binary survey questions, we assign the 

type classification from their 2024 responses. 

Figure 12 presents SDID estimates by adoption type for six key outcomes. All three 

groups show positive and significant revenue effects, but hospitals adopting both clinical and 

operational AI exhibit the largest gains (3.8%), compared with 2.7% for operational-only and 

2.4% for clinical-only adopters. This pattern is consistent with complementarities between 

clinical and operational AI. The volume effects are similarly largest for the “both” group 

(7.6% increase in discharge equivalents) and operational-only adopters (7.2%), suggesting 
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that operational AI—particularly applications like patient flow optimization and demand 

forecasting—may be especially effective at increasing throughput. 

Clinical-only adopters have negative point estimates for administrative expenses and 

hours, while operational-only adopters have estimates near zero and hospitals adopting both 

types lie between them. These subgroup estimates are exploratory: samples are substantially 

smaller, confidence intervals overlap, and the main system-clustered administrative estimates 

are imprecise. We therefore do not infer technology-specific administrative savings from these 

differences. 

6.2 Cohort-Specific Effects 

Our staggered adoption design allows us to examine heterogeneity by adoption timing. Figure 

13 presents separate estimates for the 2021–2024 cohorts. The 2021 cohort generally has the 

largest point estimates and is also the only cohort observed for four post-treatment years. 

Because the cohort is identified from a low-response survey year and later event times contain 

progressively fewer cohorts, this pattern cannot by itself be interpreted as a dose response. 

For example, discharge equivalents increase 8.3% for the 2021 cohort versus 4.5% for 2022 

and 1.1% for 2024. Administrative outcomes remain imprecise across cohorts. Excluding 

the 2021 cohort attenuates the revenue, volume, clinical-expense, and labor estimates, and 

a strict observed-transition definition attenuates them further (Appendix Table A4). The 

cohort evidence is therefore timing-sensitive and supports caution about exact magnitudes 

and dynamic accumulation. 

6.3 Alternative Treatment Timing 

The contemporaneous definition adds 346 adopters that reported AI use in an earlier year 

but did not meet the later persistent-use screen. Its estimates are close to the baseline for 

most outcomes: net patient revenue is 2.8% rather than 3.3%, discharge equivalents are 

7.1% rather than 6.6%, and total hours are 3.2% in both. Excluding the 2021 cohort yields 
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smaller estimates, while requiring a directly observed transition from nonuse to use yields 

still smaller volume and revenue estimates. Administrative outcomes are unstable under 

every definition. These results preserve the qualitative expansion pattern under the most 

natural contemporaneous rule, but show that exact magnitudes and the contribution of the 

earliest cohort are uncertain. 

6.4 Business Stealing 

To address the possibility that our estimates reflect business stealing from nearby non-

adopting hospitals, we re-estimated the main revenue and volume models after excluding 

any non-adopter hospital located within 15 miles of an AI adopter. This restriction removes 

787 nearby control hospitals, leaving 1,795 non-adopting hospitals in the control group. 

The exercise directly targets the concern that nearby controls may violate the Stable Unit 

Treatment Value Assumption because their revenue or volume could be affected by treatment 

at a neighboring AI hospital. 

The results do not support the interpretation that the main volume findings are driven 

by local business stealing. After excluding nearby controls, estimated effects remain positive 

for both volume outcomes: inpatient discharges increase by 10.1% in the two-way fixed 

effects model and 8.6% in the SDID model, while discharge equivalents increase by 7.8% 

and 6.7%, respectively. These estimates are very similar to the estimates using the original 

control group. The revenue effect is smaller after the exclusion, falling from 4.2% to 2.8% in 

the two-way fixed effects model and from 3.3% to 2.6% in the SDID model, but it remains 

positive. Overall, the robustness check suggests that the observed increase in hospital volume 

is not explained by treated hospitals simply drawing patients away from nearby non-adopting 

hospitals. 
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6.5 Placebo Test: COVID-19 Public Health Emergency Funding 

A potential concern with our estimates is that the revenue increases attributed to AI adoption 

could instead reflect differential receipt of CARES Act funding, which was distributed to 

hospitals beginning in 2020 (Cantor et al., 2021). Related work finds hospitals respond to 

financial improvements by investing part of those gains in technology (Richards, Shi and 

Whaley, 2025). If AI-adopting hospitals—which tend to be larger and better resourced— 

received disproportionately more federal relief funding, this could confound our revenue 

estimates. 

To investigate, we conduct a placebo test that replaces AI adoption with high CARES Act 

funding as the treatment variable. We construct a cumulative CARES Act funding measure 

from the cost reports by setting missing values to zero and accumulating the running total 

over time for each hospital. We then classify hospitals that received above-median cumulative 

funding as “treated” beginning in 2020 (when CARES Act funding was first distributed) 

and estimate the effect on log net patient revenue using our SDID framework. If differential 

CARES Act funding were driving the revenue gains we attribute to AI adoption, we would 

expect a significant positive effect in this specification. 

Table 6 examines absolute CARES funding and funding normalized by 2019 revenue or 

beds. The absolute-dollar and median normalized specifications produce negative revenue 

estimates, the normalized never-AI estimate is near zero, and only the top-quartile normal-

ized threshold is slightly positive (0.36%). Thus, the CARES placebos do not reproduce the 

magnitude of the AI estimate. Because relief funding is only one pandemic-related shock 

and the exercise is not a complete model of pandemic exposure, it does not rule out all 

pandemic-era confounding. 

6.6 Local COVID-19 Burden 

We additionally merge official HHS facility-week reports of confirmed COVID-19 admissions, 

aggregate them to county-year admissions per 100,000 residents, and include the log of this 
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rate in the outcome models. Coverage exceeds 99% in every study year. As Appendix Table 

A6 shows, county adjustment changes the estimates little: for example, net patient revenue 

moves from 2.83% to 2.73%, discharge equivalents from 7.13% to 7.01%, and total hours 

from 3.20% to 3.29%. A leave-one-out county measure that subtracts the focal hospital’s 

admissions is similarly stable. This check addresses observed local hospital COVID burden, 

but not every local pandemic shock. 

6.7 Excluding Critical Access Hospitals 

Among the 4,093 short-term general hospitals in our sample, 1,298 (32%) are critical access 

hospitals (CAHs). CAHs differ from non-CAH short-term general hospitals in size, rurality, 

payment rules, and staffing constraints, all of which could affect both AI adoption and its 

measured effects. As a sensitivity test, we re-estimated our models after removing all CAHs 

from our sample. The test indicates that our headline results are not being driven by our 

decision to include CAHs. If anything, the core finance and labor effects are somewhat 

larger in the non-CAH sample: net patient revenue rises about 4.5% instead of 3.3%, total 

expenses about 4.1% instead of 2.9%, clinical expenses about 3.3% instead of 2.8%, and 

employee FTEs about 2.2% instead of 1.3%, while total paid hours are almost unchanged at 

roughly 3.1% versus 3.2% in the main sample. Volume effects also remain clearly positive, 

though slightly smaller, with discharge equivalents increasing about 5.5% rather than 6.6% 

in the full sample. 

6.8 AI Adoption Intensity 

As a more demanding treatment-definition robustness check, we re-estimate our main models 

after redefining the treated group as the subset of 168 hospitals that, in the 2024 AHA survey, 

reported the highest implementation level, “fully integrated,” in all three of the core clinical 

AI applications: AI-assisted diagnostics, predictive analytics for patient care, and clinical 

decision support tools. We refer to these hospitals as heavy users because they are not 
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simply reporting any AI adoption; they report full implementation across multiple central 

clinical AI domains. The control group remains the same 2,582 non-adopting hospitals, while 

the remaining adopters are excluded from this specification. This test therefore addresses 

the concern that our baseline treated group may include hospitals with only limited or 

ambiguous AI use. 5 It should be interpreted as a stricter eventual-heavy-adopter definition 

rather than the real-time effect of becoming fully implemented, since this implementation 

status is observed in 2024. 

Even under this much narrower treatment definition, the core patterns in the paper 

largely survive. Total expenses remain positive and similar in magnitude to the main esti-

mates, clinical expenses are essentially unchanged, discharge equivalents increase even more 

than in the baseline results, and labor inputs remain positive, with employee FTEs rising 

more and total paid hours remaining clearly positive. At the same time, this robustness 

check clarifies which findings are strongest and which are more sensitive. The net patient 

revenue estimate becomes smaller, falling from about 3.3 percent in the full adopter sam-

ple to about 1.7 percent, and is no longer statistically significant, potentially because of a 

smaller sample size. The modest administrative-expense reduction in the main sample also 

disappears, becoming slightly positive, and the negative patient-experience effects for nurse 

communication and receiving help are attenuated and no longer statistically distinguishable 

from zero. By contrast, several of the measured risk-adjusted mortality improvements re-

main and in some cases become larger in magnitude, especially for heart failure, pneumonia, 

and COPD, although stroke no longer shows a clear improvement. Taken together, these 

results suggest that the paper’s main volume, labor, and several quality findings are not 

being driven by marginal or weak adopters, while the revenue and administrative results are 

more sensitive once treatment is restricted to a much smaller set of clearly intensive AI users. 

5Though as shown in Section 7, among adopters who respond to the AHA IT supplement nearly 90% 
say they have AI integrated into their EHRs. So to the extent that AI in EHRs is one of the most impactful 
ways hospitals adopt AI, the broader sample has heavy use of AI as well. 
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6.9 AHA Survey Respondents Only 

As an additional robustness check, we restricted the sample to hospitals that responded at 

least once to the AI adoption questions between 2021 and 2024, including hospitals that 

explicitly reported no AI use. This addresses the concern that some hospitals in our baseline 

control group may in fact have adopted AI but simply failed to answer the survey items. 

Under this restriction, the treated group remains unchanged at 1,511 adopters, while the 

control group falls from 2,582 to 1,364 explicit non-adopters. Re-estimating the main models 

in this responders-only sample yields results that are very similar to our baseline findings. 

The core finance, volume, and labor patterns remain in place. Net patient revenue is 

estimated to rise by about 3.1 percent, clinical expenses remain positive, and both employ-

ment and total paid hours increase. Discharge equivalents rise by about 5.2 percent and 

inpatient discharges by about 6.8 percent. Administrative expenses retain a negative point 

estimate but remain part of the paper’s less precise administrative evidence. The measured 

risk-adjusted mortality results are similar in sign to the main analysis. Taken together, this 

test suggests that hidden adopters among survey nonrespondents do not explain the main 

expansion pattern. 

6.10 Controls for EHR Vendor 

We estimate the main outcomes in the EHR-linked sample with EHR-vendor-by-year inter-

actions, allowing each vendor’s hospitals to experience different annual shocks, such as new 

vendor programs. Under the persistent-adopter definition, the revenue estimate moves from 

2.86% to 2.44%, discharge equivalents from 5.46% to 3.48%, and total hours from 2.44% to 

1.45% (Appendix Table A5). Clinical expenses remain positive, while the administrative-

expense estimate moves from −1.01% to 0.03%. The contemporaneous-definition results 

show similar attenuation. These estimates indicate that vendor-specific changes explain 

part, but not all, of the finance and volume associations. 

The available vendor variable is first observed in 2022 for this linked sample, so the 
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vendor-by-year specification is not a clean control based exclusively on pre-treatment infor-

mation. It may absorb genuine AI implementation that occurs through the EHR as well as 

vendor-level confounding. We therefore present it as a demanding sensitivity analysis rather 

than the preferred causal specification. 

6.11 Alternative Estimation Approaches 

To test robustness to the SDID approach, we estimate matched DiD models using cohort-

specific propensity-score matching. For each cohort, we match adopters to never-adopters 

on baseline characteristics and pre-adoption outcome levels and trends, stack the matched 

cohorts, and estimate the event-study and summary regressions by OLS with matched cohort-

by-hospital and matched cohort-by-year fixed effects. The summary estimates are direction-

ally consistent with the primary SDID results but generally smaller: finance and volume 

outcomes remain positive, labor estimates are less precise, and administrative expenses and 

hours are not distinguishable from zero. Figures A6–A8 report the results. 

7 Conclusion 

The launch of ChatGPT and other AI applications has intensified interest in how AI may 

change health care (Fui-Hoon Nah et al., 2023). In U.S. hospitals, we find that AI adoption is 

followed by higher revenue, clinical expenses, patient volume, and total paid hours. Volume 

rises across service and payer types and is accompanied by higher occupancy rather than 

a commensurate expansion in beds. These findings are most naturally described as opera-

tional expansion and more intensive capacity use. Because output and measured inputs rise 

together, they do not establish per-unit productivity or net efficiency gains. Administrative-

expense and administrative-hours estimates are too imprecise to support a savings claim. 

There are clear differences in the characteristics of hospitals that have adopted AI and 

those that have not. AI-adopting hospitals are larger, more urban, more likely to be major 
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teaching hospitals, and more likely to treat complex patient populations, which is consistent 

with previous studies (Nong et al., 2025; Bin Abdul Baten, 2024; Goldfarb, He and Teodor-

idis, 2025; Poon et al., 2025). They are also much less likely to be critical access hospitals 

than non-adopters. Organizations with greater resources are more capable of financing AI 

adoption and hiring staff with AI development expertise (Nong, Maurer and Dwivedi, 2025; 

Burns et al., 2025). These differences in AI adoption raise the question of whether smaller, 

more rural (and presumably financially less stable) hospitals have access to the benefits of 

AI and what the future looks like for these hospitals, their providers, and their patients if 

they are unable to access the same level of benefits. 

These findings should be interpreted in light of several limitations. First, treatment is 

self-reported, survey wording changes in 2024, and the baseline persistent-adopter definition 

uses later implementation status to screen earlier reports. Contemporaneous and alternative 

timing rules preserve several core patterns but show that exact magnitudes, especially those 

involving the 2021 cohort, are sensitive. Second, some hospitals labeled as non-adopters 

may be unobserved adopters, although the responders-only analysis is similar. Third, SDID 

requires the synthetic controls to remain valid counterfactuals after treatment. The diagnos-

tics show broad donor support and diffuse weights, with strong pre-period fit for finance and 

volume but weaker fit for labor hours. Fourth, pandemic, EHR-vendor, and local-market 

shocks may still confound the estimates despite the new sensitivity analyses. Finally, our 

measured outcomes do not permit a complete welfare or per-unit productivity analysis. 

The mechanism evidence points most clearly to throughput expansion and tighter ca-

pacity use, alongside denser documentation and coding, rather than to a single dominant 

bedside clinical pathway. The declines in measured risk-adjusted mortality should be in-

terpreted cautiously: unadjusted mortality and the available process measures do not show 

corresponding sustained improvements, while documented severity rises. Future research 

should identify which tools generate which changes, measure per-unit productivity and pa-

tient welfare directly, and disentangle clinical improvement from documentation and risk 
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capture. It should also examine whether implementation can be made accessible to smaller 

and rural hospitals rather than remaining concentrated in large, well-resourced systems. 
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Tables and Figures 

Figure 1: Map of AI-adopting hospitals 

Notes: The figure shows the locations of all 1,511 AI-adopting hospitals in our analytic sample. 
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Table 1: Baseline characteristics of hospital AI adopters and non-adopters, 2017 

AI adopters Non-adopters Std. diff. 

N 1,511 2,582 
Finances and Volume 
Net patient revenue (millions $) 339 (483) 139 (215) 0.54 
Total expenses (millions $) 342 (491) 139 (227) 0.53 
Expenses for clinical activities (millions $) 178 (254) 72 (116) 0.54 
Expenses for administrative activities (millions $) 60 (82) 25 (39) 0.55 
Discharge equivalents 18,768 (20,242) 9,064 (11,865) 0.58 

Labor 
Employees on payroll (FTEs) 1,595 (2,221) 704 (1,084) 0.51 
Total paid hours (thousands) 4,094 (4,956) 2,271 (2,681) 0.46 
Paid hours, administrative and general (thousands) 416 (641) 244 (315) 0.34 

Quality Outcomes 
30-day mortality: heart attack (%) 13.4 (1.2) 13.7 (1.2) -0.29 
30-day mortality: heart failure (%) 11.8 (1.6) 12.1 (1.6) -0.21 
30-day mortality: pneumonia (%) 15.7 (1.9) 16.2 (2.0) -0.24 
30-day mortality: COPD (%) 8.1 (1.1) 8.1 (1.1) -0.07 
30-day mortality: stroke (%) 14.5 (1.7) 14.7 (1.6) -0.11 
30-day mortality: CABG surgery (%) 3.1 (0.8) 3.4 (0.9) -0.33 
30-day all-cause readmission rate (%) 15.3 (0.8) 15.3 (0.8) -0.11 

Patient Experience 
Nurses “Always” communicated well (%) 79.8 (4.4) 80.1 (5.5) -0.06 
Doctors “Always” communicated well (%) 80.9 (4.3) 82.1 (5.7) -0.24 
“Always” received help as soon as wanted (%) 66.6 (7.6) 68.5 (9.3) -0.22 
Hospital rating of 9 or 10 (%) 73.0 (7.1) 72.1 (8.6) 0.12 
Would definitely recommend the hospital (%) 73.0 (8.0) 70.9 (9.3) 0.24 

Hospital Characteristics 
Beds 221 (241) 114 (139) 0.54 
Part of a system 0.87 (0.33) 0.61 (0.49) 0.64 
Rural-urban continuum code 2.7 (2.2) 4.1 (2.7) -0.58 
Critical Access Hospital (CAH) 0.19 (0.39) 0.39 (0.49) -0.46 
For-profit 0.07 (0.25) 0.22 (0.41) -0.43 
Major teaching hospital 0.13 (0.34) 0.05 (0.21) 0.31 
Medicare case-mix index (CMI) 1.68 (0.30) 1.56 (0.32) 0.41 
Medicare inpatient discharge share 0.36 (0.15) 0.44 (0.17) -0.49 
Medicaid inpatient discharge share 0.09 (0.09) 0.10 (0.10) -0.08 

Sources: AHA’s Annual Survey (AI adoption), CMS’s Hospital Compare (quality measures), Hospital Cost 
Report data (all other measures). Notes: Entries are means, with standard deviations in parentheses. 
Binary variables are reported as proportions. Standardized differences equal the adopter mean minus the 
non-adopter mean, divided by the pooled standard deviation. Statistics use available observations, so sample 
sizes may differ across measures. 
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Figure 2: Labor Market Impact Event Studies 

(a) Employees on payroll (FTEs) (b) Total paid hours 

(c) Paid hours, administrative and general 

Sources: AHA’s Annual Survey (AI adoption) and Hospital Cost Report data as collected by RAND (out-
comes). 

Notes: The figures show estimates from a synthetic difference-in-differences event study where the log of 
each panel’s title is the dependent variable. Coefficient estimates have been transformed using the formula 
100×(exp(coef)−1) to create the percentage effects shown in the figures. Inference uses the SDID bootstrap 
procedure, with resampling clustered at the hospital level and 50 bootstrap replications. The error bars 
represent 95% bootstrap confidence intervals. 
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Figure 3: Summary of AI adoption effects on revenues, expenses, volume, employment, 
efficiency 

Notes: The figure shows estimates from a synthetic difference-in-differences model where the dependent 
variable for each model corresponds to the logged version of the variable listed on the vertical axis. Coefficient 
estimates have been transformed using the formula 100 × (exp(coef) − 1) to create the percentage effects 
shown in the figure. Inference uses the SDID bootstrap procedure, with resampling clustered at the hospital 
level and 50 bootstrap replications. The error bars represent 95% bootstrap confidence intervals. 
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Figure 4: Finances and volume event studies 

(a) Net patient revenue (b) Total expenses 

(c) Expenses for clinical activities (d) Administrative expenses 

(e) Discharge equivalents 

Sources: AHA’s Annual Survey (AI adoption) and Hospital Cost Report data as collected by RAND (ex-
penses and discharge equivalents). 

Notes: The figures show estimates from a synthetic difference-in-differences event study where the log of 
each panel’s title is the dependent variable. Coefficient estimates have been transformed using the formula 
100×(exp(coef)−1) to create the percentage effects shown in the figures. Inference uses the SDID bootstrap 
procedure, with resampling clustered at the hospital level and 50 bootstrap replications. The error bars 
represent 95% bootstrap confidence intervals. 
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Figure 5: Changes in ED volume and originating admissions following AI adoption 

Notes: The figure presents synthetic difference-in-differences event-study estimates using a balanced 2017– 
2024 panel of 3,317 hospitals in the FFS MedPAR data. An inpatient admission is classified as originating 
in the emergency department if the MedPAR stay contains a positive emergency-room service charge. The 
outcomes are the logged number of ED-origin admissions and the logged share of inpatient admissions 
originating in the ED. Estimates are transformed using 100 × [exp(β) − 1] and therefore represent percentage 
changes. Event times −4 through −1 are pre-adoption placebo estimates, and the vertical line denotes AI 
adoption. Inference uses the SDID bootstrap procedure with resampling clustered at the hospital level and 
50 bootstrap replications. Error bars represent 95% bootstrap confidence intervals. 
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Figure 6: Changes in Surgical Volume Following AI adoption 

Notes: The figure reports synthetic difference-in-differences event-study estimates using Medicare FFS Car-
rier claims linked to MedPAR inpatient stays from 2017–2024. A surgeon NPI is counted as qualifying only 
if it is associated with at least five linked surgical stays at that hospital during the year. The sample is 
restricted to hospitals with at least 50 linked surgical stays in every sample year. The outcomes are the 
log number of qualifying surgeon NPIs and the log number of stays per qualifying surgeon. Estimates are 
transformed using 100× [exp(β)−1] and therefore represent percentage changes. Event time zero denotes the 
year of AI adoption; pre-adoption estimates are SDID placebo estimates. Error bars show 95% confidence 
intervals obtained using the SDID bootstrap procedure, with resampling clustered at the hospital level and 
50 bootstrap replications. 
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Figure 7: Patient Composition Event Studies 

(a) Patient age (b) Share Female 

(c) Case-mix index 

Notes: The figure presents synthetic difference-in-differences event-study estimates. Panels A and B use 
FFS MedPAR admissions from 2017–2024; Panel C uses the hospital-wide Medicare inpatient case-mix 
index reported in the Hospital Cost Report data. The case-mix index measures average expected resource 
use based on patients’ assigned diagnosis-related groups. Mean age and the case-mix index are estimated in 
logs and transformed using 100 × [exp(β) − 1], so their estimates represent percentage changes. The female-
share estimates represent percentage-point changes. Event time zero denotes the year of AI adoption, and the 
pre-adoption estimates are SDID placebo estimates. Inference uses a nonparametric bootstrap procedure 
with resampling clustered at the hospital level and 50 bootstrap replications. Error bars represent 95% 
bootstrap confidence intervals. 
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Table 2: Operational and Throughput Mechanism Evidence 

Outcome SDID estimate p-value Interpretation 

Discharge equivalents +6.6% < 0.001 Broad increase in hospital volume after AI 
adoption. 

ED visits, log specification +0.0427 (≈ 4.4%) < 0.001 More emergency visits are handled by adopt-
ing hospitals. 

ED visits, level specification +2,190 visits / 
hospital-year 

< 0.001 Large absolute increase in ED throughput. 

Occupancy, log specification +0.0638 (≈ 6.4%) < 0.001 Higher bed utilization and tighter capacity 
use. 

Occupancy, level specification +0.0301 < 0.001 About a 3.0 percentage-point increase in oc-
cupancy. 

Hospital-wide inpatient case-mix index, 
log specification 

+0.0007 0.656 No evidence that adopters are treating observ-
ably sicker inpatient cases overall. 

Hospital-wide inpatient case-mix index, 
level specification 

+0.0046 0.110 Reinforces the null case-mix result. 

Notes: The occupancy and case-mix estimates come from dedicated follow-up SDID models, and the ED 
estimates come from the dedicated emergency-department volume analysis. Estimates use the persistent-
adopter definition. p-values are based on 50 nonparametric bootstrap replications with resampling at the 
hospital level. 
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Table 3: Documentation and Coding-Intensity Mechanism Evidence 

Outcome SDID estimate p-value Interpretation 

Total diagnoses per admission +0.236 0.011 Adopters code more diagnoses overall. 
Secondary diagnoses per admission +0.236 0.002 Extra coding is especially visible on secondary 

diagnoses. 
Newly coded chronic conditions absent 
from prior claims 

−0.001 0.279 No evidence of a surge in newly “discovered” 
chronic conditions. 

Unadjusted 30-day mortality −0.0017 0.139 Raw mortality is essentially flat in the pooled 
cohort panel. 

Share of diagnoses marked present on 
admission 

−0.0063 0.017 The present-on-admission share falls slightly. 

Present-on-admission diagnosis count +0.153 0.007 Hospitals code more diagnoses as present on 
admission after adoption. 

Non-present-on-admission diagnosis 
count 

+0.111 0.004 Hospitals also code more diagnoses not marked 
present on admission. 

Hospital-wide diagnoses per Medicare 
admission (screened sample) 

+0.088 0.085 Broad diagnosis density rises modestly outside 
the four focal cohorts as well. 

Hospital-wide submitted charges per 
Medicare admission (screened sample) 

+$758 0.004 Billed intensity per Medicare admission in-
creases after adoption. 

Hospital-wide Medicare reimbursement 
per Medicare admission (screened sam-
ple) 

−$353 < 0.001 Realized Medicare payment per stay falls 
rather than rises, inconsistent with a simple 
payment-per-claim upcoding story. 

Notes: The first seven rows pool admissions with a principal diagnosis of COPD, pneumonia, heart 
failure, or stroke; these are the underlying clinical-condition cohorts used for the condition-specific coding 
and mortality analyses. The final three rows instead use all Medicare FFS acute inpatient admissions at 
each hospital and therefore test whether the coding patterns extend beyond those four conditions. The 
hospital-wide rows use the cleaned sample that drops any hospital ever showing nonpositive mean Medicare 
reimbursement or fewer than 10 Medicare FFS admissions in a year; a stricter screen using fewer than 25 
admissions yields very similar patterns. The estimates describe changes in coding and billing measures 
and do not by themselves identify a causal coding contribution to revenue. p-values are based on 50 
nonparametric bootstrap replications with resampling at the hospital level. 
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Table 4: Primary Outcomes with System-Clustered Inference 

Outcome Estimate 95% CI Holm-adjusted p 
(percent) Lower Upper 

Net patient revenue 2.82 1.63 4.02 < 0.001 
Total expenses 2.06 1.00 3.12 < 0.001 
Clinical expenses 2.68 1.55 3.82 < 0.001 
Administrative expenses −1.39 −3.90 1.18 0.571 
Discharge equivalents 7.05 5.09 9.05 < 0.001 
Employee FTEs 1.06 −0.27 2.41 0.358 
Total paid hours 3.19 1.82 4.59 < 0.001 
Administrative paid hours −2.58 −8.57 3.80 0.571 

Notes: This table reports SDID estimates under the contemporaneous-adoption def-
inition, which classifies a hospital as treated beginning in the first year it reports AI 
use without using later survey responses to revise earlier treatment status. Log-point 
estimates are transformed using 100 × [exp(τ) − 1]. Confidence intervals are based 
on 200 nonparametric bootstrap replications clustered by hospital system; indepen-
dent hospitals form their own clusters. The final column applies Holm’s family-wise-
error correction across the eight outcomes. Benjamini–Hochberg adjustment yields 
the same substantive classification. Dynamic figures elsewhere in the paper use the 
persistent-adopter definition and are retained to show timing; Appendix Table A4 
compares definitions directly. 
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Figure 8: Summary of AI adoption effects on quality 

Notes: The figure shows estimates from a synthetic difference-in-differences model where the variable listed 
on the vertical axis is the dependent variable for each model. Inference uses the SDID bootstrap procedure, 
with resampling clustered at the hospital level and 50 bootstrap replications. The error bars represent 95% 
bootstrap confidence intervals. 
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Figure 9: Condition-specific risk-adjusted mortality event studies 

(a) Mortality rate - heart attack (b) Mortality rate - heart failure 

(c) Mortality rate - pneumonia (d) Mortality rate - COPD 

(e) Mortality rate - stroke (f) Mortality rate - CABG surgery 

(g) All-cause readmission rate 

Sources: CMS Hospital Compare. 

Notes: The figures show estimates from a synthetic difference-in-differences event study where each panel’s 
title is the dependent variable. Inference uses the SDID bootstrap procedure, with resampling clustered at 
the hospital level and 50 bootstrap replications. The error bars represent 95% bootstrap confidence intervals. 
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Figure 10: Patient experience event studies 

(a) Nurses communicated well (b) Doctors communicated well 

(c) Received help (d) Hospital rating 9 or 10 

(e) Recommend hospital 

Sources: CMS Hospital Compare. 

Notes: The figures show estimates from a synthetic difference-in-differences event study where each panel’s 
title is the dependent variable. Inference uses the SDID bootstrap procedure, with resampling clustered at 
the hospital level and 50 bootstrap replications. The error bars represent 95% bootstrap confidence intervals. 

58 



Table 5: Direct Clinical Process Mechanism Evidence 

Outcome SDID estimate p-value Interpretation 

Days to echo among HF admissions 
with echo 

+0.104 days 0.575 No evidence that AI speeds echocardiography. 

Days to head CT among stroke admis-
sions with CT 

+0.020 days 0.144 No evidence that AI speeds head CT. 

Share of heart-failure stays with an 
echocardiogram 

+0.0057 0.768 No evidence AI increases the share of HF stays 
with an echo. 

Share of stroke stays with a head CT −0.0018 0.778 No evidence AI increases the share of stroke 
stays with a head CT. 

ICU days (COPD, PNA, HF, stroke) 
per admission 

+0.0348 days 0.403 No consistent evidence of reduced escalation 
to ICU care. 

Any ICU use (COPD, PNA, HF, 
stroke) 

+0.00058 0.945 No consistent evidence of reduced escalation 
to ICU care. 

Non-invasive respiratory stabilization Essentially zero 0.890 No evidence of better non-invasive stabiliza-
tion in the pooled respiratory panel. 

Intubation / respiratory failure mea-
sure 

+0.0014 0.100 Point estimate is opposite the hypothesized 
sign and not conventionally significant. 

Notes: These tests are limited by the quality of claims coding for granular clinical procedures. Null 
findings here should therefore be read as absence of evidence in the current claims panel, not necessarily 
evidence that AI has no clinical effect. p-values are based on 50 nonparametric bootstrap replications with 
resampling at the hospital level. 
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Figure 11: Effects of AI adoption on unadjusted mortality and risk coding 

Notes: The figure plots SDID event-study estimates around hospital AI adoption. Diamonds show unad-
justed 30-day mortality, measured as percentage-point changes and plotted on the left axis. Circles show 
severe risk coding, measured as percent changes in the average number of severe risk/comorbidity flags per 
admission and plotted on the right axis. Inference uses the SDID bootstrap procedure with resampling 
clustered at the hospital level and 50 bootstrap replications; error bars represent 95% bootstrap confidence 
intervals. 
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Figure 12: SDID Estimates by AI Adoption Type 

Notes: Each point represents a separate SDID estimate of the effect of AI adoption on the indicated outcome 
for a single adoption type, with 95% confidence intervals based on 50 bootstrap replications with resampling 
clustered at the hospital level. Hospitals are classified as clinical only (N = 566), operational only (N = 156), 
or both (N = 789) based on whether any clinical or operational AI variable in the 2024 AHA survey is 
“expanding” or “fully integrated.” Each adoption type is estimated against the same set of 2,582 never-
treated controls. All outcomes are estimated in logs and converted to percent changes via 100 × (exp(τ̂) − 1). 
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Figure 13: Cohort-Specific SDID Estimates for Key Outcomes 

Notes: Each point represents a separate SDID estimate of the effect of AI adoption on the indicated outcome 
for a single adoption cohort, with 95% confidence intervals based on 50 bootstrap replications with resampling 
clustered at the hospital level. The 2021 cohort (diamonds) has four post-treatment years, 2022 (triangles) 
has three, 2023 (circles) has two, and 2024 (squares) has one. All outcomes are estimated in logs and 
converted to percent changes via 100 × (exp(τ̂) − 1). Each cohort is estimated against the full set of never-
treated controls. 
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Table 6: Sensitivity of the CARES Act Funding Placebo 

Treatment definition Sample / threshold Revenue estimate 

AI adoption (persistent-adopter base-
line) 

All hospitals 3.28% 

Cumulative CARES dollars Above median 
($8.12 million) 

−3.24% 

CARES dollars / 2019 revenue Above median 
(5.14%) 

−1.63% 

CARES dollars / 2019 revenue Above median; 
never-AI only 

−0.27% 

CARES dollars / 2019 revenue Top quartile (9.45%) 0.36% 
CARES dollars / 2019 beds Above median 

($63,395) 
−1.69% 

Notes: This table reports SDID estimates for log net patient revenue, transformed to percentages. CARES 
treatment begins in 2020. Missing or negative annual funding values are set to zero before cumulative funding 
is calculated. Normalizing by pre-pandemic revenue or beds addresses the concern that an absolute-dollar 
threshold primarily captures hospital size. The placebo specifications generally do not reproduce the positive 
AI-revenue estimate, although they cannot rule out every form of pandemic-era confounding. 
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Appendix 

Figure A1: AHA Annual Survey Artificial Intelligence Questions, FY2021-FY2024 

(a) FY2021-FY2023 

(b) FY2024 

Notes: The figure shows the artificial intelligence questions in the FY2021-FY2024 versions of the AHA 
Annual Survey. 
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Table A1: AI Implementation Status Among General Community Hospitals, 2024 

Not Exploring Piloting/ Expanding Fully Don’t N 
Implementing Testing Integrated Know 

Clinical AI Implementation 

AI-Assisted Diagnostics 0.16 0.23 0.16 0.21 0.16 0.08 2,361 
Predictive Analytics for Patient Care 0.17 0.22 0.14 0.21 0.18 0.08 2,379 
Clinical Decision Support Tools 0.15 0.24 0.10 0.23 0.20 0.08 2,299 
AI-Assisted Surgery 0.45 0.23 0.08 0.08 0.03 0.13 2,348 
Patient Communication & Education 0.21 0.32 0.20 0.14 0.04 0.09 2,355 
Population Health Management 0.26 0.33 0.17 0.06 0.09 0.10 2,380 
Resource Allocation During Emergencies 0.45 0.29 0.04 0.03 0.03 0.15 2,348 
Other Clinical AI 0.36 0.05 0.06 0.08 0.06 0.38 1,259 

Operational AI Implementation 

Revenue Cycle Management 0.19 0.26 0.18 0.23 0.06 0.08 2,356 
Supply Chain Optimization 0.28 0.42 0.11 0.05 0.02 0.12 2,343 
Staff Scheduling & Workforce Mgmt. 0.26 0.41 0.11 0.09 0.03 0.10 2,287 
Patient Flow & Demand Forecasting 0.27 0.36 0.13 0.07 0.06 0.10 2,350 
Optimizing Operational Efficiency 0.22 0.31 0.18 0.15 0.05 0.10 2,339 
Other Operational AI 0.44 0.05 0.02 0.03 0.03 0.43 1,136 

Notes: The table shows how hospitals answered each of 14 AI-related questions in the FY2024 Annual 
Survey. We classified hospitals as adopters in 2024 if they answered “expanding” or “fully integrated” to 
any of these questions. 

Expanded AHA IT Supplement 

To further understand how hospitals are using AI, we consulted the 2024 AHA IT Supple-

ment. Among the 1,511 AI adopters in our main sample, 982 (65%) match to the 2024 IT 

supplement, so these data provide a 2024 cross-sectional snapshot of current AI use among 

adopters rather than a historical description of the exact tools used at each hospital’s original 

adoption date. The AHA IT supplement goes beyond whether a hospital adopted AI and 

asks how hospitals use predictive models and large language models in practice. The picture 

that emerges is consistent with the adoption-type results above (Table A2). Among matched 

AI adopters, hospitals overwhelmingly report predictive-model use embedded in the EHR or 

EHR-launched apps, with especially common applications in inpatient risk prediction, outpa-

tient follow-up, scheduling, and billing automation. Open-text responses likewise emphasize 

supply chain management, throughput and discharge management, ambient documentation, 

automated messaging, imaging, natural language processing (NLP), and data extraction. 

These self-reports line up much more closely with an operational and documentation story 

than with a narrow story in which AI mainly changes a small set of acute bedside procedures. 
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Table A2: Hospital-Reported AI Uses in the 2024 AHA IT Supplement 

Measure Share / rate Interpretation 

At least one predictive model in the EHR or an EHR-
launched app 

88.5% Predictive analytics is the dominant 
current AI use case. 

Both machine-learning and non-machine-learning pre-
dictive models 

63.4% Hospitals often use mixed 
AI/predictive tool portfolios rather 
than a single model class. 

Inpatient risk / trajectory prediction among predictive-
model users 

96.8% Consistent with risk stratification 
and clinical workflow support. 

High-risk outpatient follow-up among predictive-model 
users 

89.6% Suggests broad workflow and care-
management use. 

Scheduling among predictive-model users 70.3% Directly supports an operational 
throughput mechanism. 

Billing automation among predictive-model users 61.6% Directly supports a documentation / 
revenue-cycle mechanism. 

EHR-integrated large language model currently in use 46.3% Suggests documentation and messag-
ing support are already relevant. 

EHR-integrated large language model planned within 
one year 

29.4% Points toward continued growth in 
documentation-oriented AI. 

Open-text “other” uses Descriptive Supply chain, through-
put/discharge/capacity manage-
ment, ambient documentation, 
message drafting, imaging, NLP, and 
data extraction recur frequently. 

Notes: These figures come from the 2024 AHA IT supplement matched to the paper’s AI-adopter 
hospitals. The supplement is a 2024 cross-section, so it describes current AI use among adopters 
rather than the exact tools each hospital used at its original adoption date. 
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Table A3: SDID Diagnostics for the Eight Primary Outcomes 

Outcome Normalized Effective Maximum Maximum absolute change in ATT 
pre-RMSPE donors donor weight Exclude same system Uniform time weights Drop top donor 

Net patient revenue 0.011 2,467 0.0014 0.0026 0.0008 0.0007 
Total expenses 0.006 2,477 0.0023 0.0078 0.0008 0.0015 
Clinical expenses 0.005 2,463 0.0020 0.0013 0.0012 0.0002 
Administrative expenses 0.017 2,387 0.0024 0.0059 0.0020 0.0011 
Discharge equivalents 0.033 2,473 0.0018 0.0093 0.0017 0.0025 
Employee FTEs 0.093 2,511 0.0017 0.0043 0.0007 0.0003 
Total paid hours 0.108 1,470 0.0032 0.0067 0.0015 0.0015 
Administrative paid hours 0.083 1,494 0.0036 0.0157 0.0035 0.0020 

Notes: Pre-RMSPE is the median cohort-specific pre-period root mean squared prediction error normalized by the 
treated pre-period mean; lower values indicate better fit. Effective donors equal the inverse Herfindahl index of donor 
weights. The maximum donor weight and sensitivity columns report the most demanding cohort-specific value for each 
outcome. All cohort-outcome cells pass the treated-outcome donor-support check (zero support violations). ATT changes 
are in log points. Finance and volume outcomes have especially strong pre-period fit and diffuse weights. Labor-hour 
outcomes have weaker fit, and administrative hours are most sensitive to excluding same-system donors. 
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Table A4: Sensitivity to Alternative AI Treatment-Timing Definitions 

Definition Revenue Total exp. Clinical exp. Admin. exp. Discharge eq. FTEs Total hours Admin. hours 

Persistent-adopter baseline 3.28 2.94 2.85 −1.19 6.59 1.31 3.17 −1.92 
Contemporaneous status 2.82 2.06 2.68 −1.39 7.05 1.06 3.19 −2.58 
Exclude 2021 cohort 1.78 1.94 1.21 −0.25 4.70 0.65 2.18 −1.99 
Strict observed transition 1.59 3.51 0.42 0.09 1.24 1.63 1.97 −1.35 

Notes: Entries are percent changes calculated as 100 × [exp(τ) − 1]. The baseline uses 624, 165, 100, and 622 adopters in 
the 2021–2024 cohorts and 2,582 controls. The contemporaneous definition uses 848, 246, 141, and 622 adopters and 2,236 
controls; it adds 346 earlier adopters without using 2024 status to screen prior reports. The exclude-2021 row removes the 
earliest, low-response cohort. The strict-transition row requires an observed nonuse response followed by an observed use 
response. These are point-estimate sensitivity comparisons; Table 4 reports stronger inference for the contemporaneous 
definition. 
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Table A5: Sensitivity to EHR-Vendor-by-Year Controls 

Persistent-adopter definition Contemporaneous definition 
Outcome Linked sample Vendor × year Linked sample Vendor × year 

Net patient revenue 2.86 2.44 2.11 1.59 
Total expenses 2.30 1.88 1.08 0.44 
Clinical expenses 2.85 2.32 2.37 1.82 
Administrative expenses −1.01 0.03 −1.43 −0.19 
Discharge equivalents 5.46 3.48 5.33 3.55 
Employee FTEs 0.47 0.34 −0.06 −0.44 
Total paid hours 2.44 1.45 2.47 1.18 
Administrative paid hours −2.59 −2.71 −3.68 −3.93 

Notes: Entries are percent changes in the EHR-linked sample. Vendor-by-year in-
teractions allow annual shocks to differ by the hospital’s reported primary inpatient 
EHR vendor. Vendor is first observed in 2022 in the available linked data, so this is 
not a purely pre-treatment covariate and may absorb both vendor-level confounding 
and AI implementation delivered through the EHR. The specification is therefore a 
demanding sensitivity analysis, not the preferred model. 
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Table A6: Sensitivity to Local COVID-19 Hospitalization Burden 

Outcome Same-sample unadjusted County COVID adjustment Leave-one-out county adjustment 

Net patient revenue 2.83 2.73 3.09 
Total expenses 2.13 2.06 2.26 
Clinical expenses 2.78 2.70 2.97 
Administrative expenses −1.27 −1.26 −1.37 
Discharge equivalents 7.13 7.01 7.60 
Employee FTEs 1.10 1.18 1.16 
Total paid hours 3.20 3.29 3.20 
Administrative paid hours −2.62 −2.07 −2.74 

Notes: Entries are percent changes in a common sample. The county burden is the annual mean of weekly 
confirmed COVID-19 admissions per 100,000 residents, constructed from official HHS facility-week reports 
and entered as log(1 + rate). The leave-one-out measure subtracts the focal hospital’s admissions from its 
county total to reduce mechanical endogeneity. Facility-report coverage exceeds 99% in every study year. 
These are point-estimate sensitivity comparisons; they do not rule out unmeasured pandemic shocks. 
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Table A7: Claims-Based Cohort and Mechanism Algorithms 

Component Population / source Construction 

Condition cohorts Medicare FFS MedPAR acute inpatient 
stays, 2017–2024 

Heart failure, pneumonia, COPD, and stroke cohorts 
are defined from the principal-diagnosis condition flags 
in the analytic MedPAR extract. A stay enters one 
condition cohort based on its principal diagnosis; sec-
ondary diagnoses do not determine cohort entry. 

Diagnosis density Same four condition cohorts Count all diagnosis fields on each stay; secondary diag-
noses equal total diagnoses minus the principal diagno-
sis. Aggregate admission-level counts to hospital-year-
condition means, then pool the four condition panels 
for the summary models. 

Present on admission Same four condition cohorts Count diagnoses marked present on admission (POA) 
and not marked POA using the claim-level POA indi-
cators; calculate both counts and the POA share. 

New chronic coding Same four condition cohorts with prior 
claims history 

Flag selected chronic-condition diagnoses on the in-
dex stay that are absent from the beneficiary’s avail-
able prior-year claims; average the indicator at the 
hospital-year level. 

Severe-risk index Same four condition cohorts Count serious comorbidity and acuity flags recorded 
on the inpatient claim and aggregate to the hospital-
year-condition level. This is a claims-based sever-
ity index and is not the exact CMS mortality risk-
adjustment model. 

Unadjusted mortality Same four condition cohorts Indicator for death within 30 days of admission from 
Medicare enrollment/vital-status records, without risk 
adjustment; aggregate to hospital-year-condition rates 
and pool conditions for the mechanism event study. 

Echocardiography Heart-failure admissions Identify echocardiography from inpatient and linked 
professional procedure records; construct any-echo 
and days from admission to the first observed echo 
among stays with an echo. 

Head CT Stroke admissions Identify head CT from inpatient and linked profes-
sional procedure records; construct any-CT and days 
from admission to the first observed scan among stays 
with a CT. 

ICU measures Four condition cohorts Use MedPAR intensive-care utilization fields to con-
struct any ICU use and ICU days per admission. 

Respiratory measures COPD and pneumonia admissions Construct indicators for non-invasive respiratory sup-
port and for intubation/respiratory failure from diag-
nosis and procedure fields, then aggregate to hospital-
year rates. 

Hospital-wide coding All Medicare FFS acute inpatient admis-
sions 

Calculate diagnoses, submitted charges, and Medicare 
reimbursement per admission across all acute stays. 
Screen out hospitals with any nonpositive mean reim-
bursement or fewer than 10 admissions in any year; 
repeat with a 25-admission threshold. 

Notes: All hospital-year panels use consistent hospital identifiers and calendar years. The condition-specific 
pooled models weight hospital-year-condition cells according to the estimation sample rather than treating the 
hospital-wide Medicare rows as condition-specific. Exact diagnosis and procedure code lists are maintained 
in the claims-construction programs and should accompany the replication archive; the table documents the 
analytic algorithms used in this paper. 
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Figure A2: Additional volume analyses – beds and service type 

(a) Beds (b) Inpatient discharges 

(c) Outpatient discharge equivalents 

Sources: AHA’s Annual Survey (AI adoption) and Hospital Cost Report data (expenses and discharge 
equivalents). 

Notes: The figures show estimates from a synthetic difference-in-differences event study where the log of 
each panel’s title is the dependent variable. Coefficient estimates have been transformed using the formula 
100×(exp(coef)−1) to create the percentage effects shown in the figures. Inference uses the SDID bootstrap 
procedure, with resampling clustered at the hospital level and 50 bootstrap replications. The error bars 
represent 95% bootstrap confidence intervals. 
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Figure A3: Additional volume analyses – payer 

(a) Commercial discharges (b) Medicare discharges 

(c) Medicaid discharges 

Sources: AHA’s Annual Survey (AI adoption) and Hospital Cost Report data (expenses and discharge 
equivalents). 

Notes: The figures show estimates from a synthetic difference-in-differences event study where the log of 
each panel’s title is the dependent variable. Coefficient estimates have been transformed using the formula 
100×(exp(coef)−1) to create the percentage effects shown in the figures. Inference uses the SDID bootstrap 
procedure, with resampling clustered at the hospital level and 50 bootstrap replications. The error bars 
represent 95% bootstrap confidence intervals. 
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Figure A4: Net patient revenue heterogeneity 

Sources: AHA’s Annual Survey (AI adoption) and Hospital Cost Report data as collected by RAND (ex-
penses and discharge equivalents). 

Notes: The figure shows how the ATT for net patient revenue varies across different subgroups. 
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Figure A5: Administrative expense heterogeneity 

Sources: AHA’s Annual Survey (AI adoption) and Hospital Cost Report data (expenses and discharge 
equivalents). 

Notes: The figure shows how the ATT for administrative expenses varies across different subgroups. 
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Figure A6: Finances and volume event studies - propensity score matching 

(a) Net patient revenue (b) Total expenses 

(c) Expenses for clinical activities (d) Administrative expenses 

(e) Discharge equivalents 

Sources: AHA’s Annual Survey (AI adoption) and Hospital Cost Report data (expenses and discharge 
equivalents). 

Notes: The figures show estimates from propensity-score-matched difference-in-differences event studies 
where the log of each panel’s title is the dependent variable. Coefficient estimates have been transformed 
using the formula 100×(exp(coef)−1) to create the percentage effects shown in the figures. Models included 
matched cohort-by-hospital and matched cohort-by-year fixed effects, and standard errors were clustered at 
the hospital level. The error bars represent 95% confidence intervals. 
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Figure A7: Labor event studies – propensity score matching 

(a) Employees on payroll (FTEs) (b) Total paid hours 

(c) Paid hours, administrative and general 

Sources: AHA’s Annual Survey (AI adoption) and Hospital Cost Report data. 

Notes: The figures show estimates from propensity-score-matched difference-in-differences event studies 
where the log of each panel’s title is the dependent variable. Coefficient estimates have been transformed 
using the formula 100×(exp(coef)−1) to create the percentage effects shown in the figures. Models included 
matched cohort-by-hospital and matched cohort-by-year fixed effects, and standard errors were clustered at 
the hospital level. The error bars represent 95% confidence intervals. 
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Figure A8: Summary of AI adoption effects on finances, volume, and employment – propen-
sity score matching 

Notes: The figure shows estimates from propensity-score-matched difference-in-differences models, where the 
dependent variable in each model is the logged version of the variable listed on the vertical axis. Coefficient 
estimates have been transformed using the formula (100× [exp(coef) - 1]) to express the effects as percentage 
changes. Models include matched cohort-by-hospital and matched cohort-by-year fixed effects, and standard 
errors are clustered at the hospital level. Error bars represent 95% confidence intervals. 
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