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Abstract  

Since the launch of OpenAI’s ChatGPT in November 2022, companies across the global 

economy have rapidly adopted generative artificial intelligence (AI) tools. AI technologies are 

believed to improve business efficiencies and operations. Because efficiencies are expected to 

come from human-performed tasks they may reduce employment. Both aspects of the impacts of 

AI have little existing empirical evidence. Studying these impacts in the health care sector is 

especially important, since administrative tasks there appear particularly prone to disruption by 

AI. However, it remains unclear whether reductions in labor also affect the delivery of care. 

Combining 2021-2023 data on AI adoption by all U.S. hospitals with measures of hospital 

performance, we find AI adoption led to a 2.5% increase in net patient revenue, a 1.6% decrease 

in administrative expenses, and a 6.7% increase in patient volume. We further find that the 

observed improvements in clinical quality, taken in aggregate, imply that AI adoption in 

hospitals reduced mortality by roughly 10,000 deaths nationwide.  

 

 

 

 

 

 

 

 

 

2 



The use of generative artificial intelligence (GenAI) has rapidly accelerated across the global 

economy (1, 2). This acceleration was spurred by the release of the Generative Pre-trained 

Transformer (ChatGPT) by OpenAI in November 2022 (3). Since 2021, an estimated $1.1 

trillion has been invested in AI technologies (4). Across industries, the potential impacts of AI 

are multifaceted and uncertain (5, 6). AI technologies can improve business efficiencies and 

operations (7). At the same time, these efficiencies often come from human-performed tasks and 

can thereby reduce human employment (8–10). Yet, the impacts of GenAI technologies on both 

firm performance and labor markets are not well understood. 

A particularly important industry to study these impacts is the health care sector (11–14). 

Health care features many tasks where AI technologies are expected to improve performance 

(e.g., using AI to interpret radiology images). The health care industry also has high levels of 

administrative tasks (e.g., medical billing and clinical note taking) that are currently manually 

performed and can be automated or improved using new technologies. One recent report 

suggested that hospitals spend approximately 56% of their total operating revenue on labor (15). 

As a result, there is considerable potential that GenAI can improve diagnostics and reduce 

administrative burden and waste in the U.S. health care system (16, 17). In a recent survey by the 

American Medical Association (AMA), more than half of physicians (57%) said reducing 

administrative burdens through automation was the biggest area of opportunity for AI (18). Other 

areas of opportunity include improving patient care outcomes by increasing the speed and 

accuracy of diagnoses (19, 20) and patient engagement and adherence (21, 22). Yet, previous 

research has primarily been focused on rates of self-reported AI adoption within the healthcare 

sector (14, 23–25). Despite the potential of GenAI, there exists no quantitative evidence on the 

associations between adoption of AI technologies and measures of system performance.  
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​ Much of what is currently known about 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 (23–25), 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 (23, 26). One 

recent study quantified trends in the quality of care delivered by hospitals that adopted AI and 

found mixed results (27). 

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

impacts 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 impacting 

hospital operations, also have impacts on patient outcomes or quality of care, then disparities in 

health outcomes are also likely to be exacerbated (23, 28, 29). 

As AI technologies become prevalent, understanding the impacts of AI adoption on both 

firm (i.e., hospital) and consumer (i.e., patients) outcomes is critical. AI can do some human 

jobs, but it is not clear if it complements or substitutes human labor. It is also not clear if new 

“labor” from AI allows firms to expand capacity or increase throughput. Finally, it is not clear if 

AI efficiencies are to the firm, or if they impact patient care. To inform policymakers, health care 

administrators, and health care providers, this paper uses a novel synthetic 

difference-in-differences quasi-experimental approach to examine the impacts of hospital 

adoption of AI tools on hospital performance.  
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Data 

We used 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 

related to AI in 2021. We used 2021 to 2023 AHA Survey data to track AI adoption by hospitals. 

The 2023 Annual Survey included hospital characteristics for all 6,093 hospitals in the U.S., of 

which 5,112 were community hospitals (i.e., nonfederal, short-term general, and other special 

hospitals) (30). For this study, we only considered survey responses from the 4,235 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 question we used to classify a hospital as an AI adopter was  “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.” Among the short-term general hospitals in the U.S. in 2023, 2,256 (53%) responded to 

this question. The response rate was similar in 2022 (56%) and lower in 2021 (20%). Among all 

4,340 short-term general hospitals that appear in the data between 2021 and 2023, 2,771 (64%) 

answered the question in at least one year of the survey. We considered a hospital as an AI 

adopter if it reported it used AI at all (i.e., checked any box 1-5 in the question). Hospitals that 

never answered the question or answered the question by checking box 6 (none of the above) 

were considered to be non-adopters. 

Healthcare Cost Report Information System (HCRIS) data were the source of the hospital 

performance measures we analyzed (31). The HCRIS data is a comprehensive collection of 
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financial and statistical information that Medicare-certified institutional health care providers are 

required to submit annually to the Centers for Medicare & Medicaid Services (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 (32, 33).  

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 outcome 

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 (34, 35), as are the patient communication and hospital recommendation 

measures (36). 

 

Empirical Methods 

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 friendly payer environments. As a solution, we used a Synthetic 

Difference-in-Differences (SDID) method to estimate the association between AI adoption and 
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changes in our outcome measures (37). SDID calculates a weighted average of various control 

hospitals to construct a “synthetic” control whose pre-adoption outcome trend is parallel to the 

trend of the treated hospitals. SDID also applies time weights, giving more importance to 

pre-adoption years that are better predictors of the post-adoption period, which improves 

precision and accounts for trends over time. 

Once this optimized synthetic control group is built, the SDID method performs a 

difference-in-differences calculation. It compares the change in the outcome (e.g., net patient 

revenue) before vs. after AI adoption in the treated hospitals to the corresponding change in the 

custom-built synthetic control group. This combination of weighting both control units and time 

periods provides a more robust and credible estimate than traditional methods. When hospitals 

adopt AI at different times—a “staggered adoption” scenario—the method simply applies to each 

group of adopting hospitals separately, and the results are then averaged to produce an overall 

treatment effect. SDID is more appropriate in our setting than the traditional 

difference-in-differences approach because the group of all possible control hospitals is often on 

a different pre-adoption trend for several outcomes, which is likely due to the fact that AI 

adopting hospitals are different than non-adopting hospitals across a number of important 

dimensions (23–26).  

We conducted several additional analyses to analyze where AI adoption is having the 

largest impact. Specifically, we tested whether the impact of AI adoption differed by hospital 

profit status (for-profit vs. nonprofit), system membership, and critical access status. To be 

deemed a critical access hospital, a hospital has to have less than 25 beds and be geographically 

separate from other hospitals. Critical access hospitals have unique financing models and face 

financial pressures that have contributed to closures or consolidation with health systems (38). 
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We hypothesize that to date for-profit hospitals, hospitals that are part of systems (as opposed to 

independent hospitals), and non-critical access hospitals have benefited more from AI adoption. 

We also analyzed how AI adoption impacts patient volume by service type (i.e., inpatient or 

outpatient) and payer (i.e., commercial, Medicare, or Medicaid). Details on our data and analytic 

strategy are described further in the appendix.  

 

The Effects of Hospital AI Adoption 

We identified 1,221 hospitals that adopted AI over the 2021-2023 period. The majority of AI 

adopters first reported using AI in 2021 (837 hospitals), while 245 and 139 hospitals adopted in 

2022 and 2023, respectively. Table S1 in the appendix compares characteristics of the AI adopter 

and non-adopter hospitals at baseline in 2017. AI adopter hospitals were larger (236 beds vs. 117 

beds; P < 0.01), more likely to be part of a system (0.91 vs. 0.62; P < 0.01), less likely to be 

critical access hospitals (0.16 vs. 0.39; P < 0.01), more often located in urban areas (urban 

continuum code 2.6 vs. 4.1; P < 0.01), less likely to be for-profit (0.06 vs. 0.21; P < 0.01), more 

often a major teaching hospital (0.15 vs. 0.05; P < 0.01), and had higher casemix indices (1.69 

vs. 1.57; P < 0.01) than non-adopter hospitals.  

In terms of hospital finances and volume, AI adoption was associated with a 2.5% (95% 

confidence interval [CI], 1.2% to 3.8%) increase in net patient revenue, a 2.4% (95% CI, 1.3% to 

3.6%) increase in total expenses, a 2.3% (95% CI, 1.4% to 3.3%) increase in clinical expenses, a 

1.6% (95% CI, -2.8% to -0.3%) decrease in administrative expenses, and a 6.7% (95% CI, 4.3% 

to 9.1%) increase in discharge equivalents (Fig. 1). We used log values for the dependent 

variables and then transformed to percent changes for each of these five results.  
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The event study plots for net patient revenue and administrative expenses are shown as 

Fig. 2 and Fig. 3, respectively. Fig. 2 shows that AI adoption immediately increased net patient 

revenue (0.8%; 95% CI, -0.1% to 1.7%) and the effect continued to show signs of growing three 

years post-adoption when the magnitude reached 4.1% (95% CI, 1.9% to 6.4%). 4.1% of the 

adopting hospital baseline mean net patient revenue ($366 million) equates to $15 million in 

additional revenue. Fig. 3 shows that AI adoption also immediately reduced administrative 

expenses (-1.0%; 95% CI, -2.1% to 0.1%) and the effect also showed signs of growing three 

years post-adoption when the magnitude reached -2.1% (95% CI, -4.5% to 0.3%). 2.1% of the 

adopting hospital baseline mean administrative expenses ($65 million) is a $1.4 million 

reduction in administrative expenses. Event study plots for the other finance and volume 

outcomes are shown in Fig. S3 in the appendix.  

For labor outcomes, AI adoption was associated with no change in employee FTEs (1.0; 

95% CI, -0.3 to 2.2), a 2.7% increase in total paid hours (95% CI, 1.0 to 4.5), and a not 

statistically significant 2.8% (95% CI, -5.9 to 0.4) decrease in administrative paid hours (Fig. 1). 

Event study plots for the labor outcomes are shown in Fig. S4 in the appendix.  

 

Association Between Hospital AI Adoption and Care Quality  

AI adoption was associated with a 0.14 percentage point (pp) (95% CI, -0.25 to -0.04) decrease 

in the heart failure mortality rate (Fig. 4). The mean heart failure mortality rate at baseline for AI 

adopters was 11.7% so this corresponds to a 1.2% relative decrease. AI adoption was also 

associated with a 0.27 pp (95% CI, -0.43 to -0.11) decrease in the pneumonia mortality rate and a 

0.14 pp (95% CI, -0.25 to -0.04) decrease in the COPD mortality rate, which both correspond to 

1.8% relative decreases. The other four quality outcome measures we analyzed were not 
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associated with AI adoption. The five quality patient experience measures we analyzed likewise 

were not associated with AI adoption with “receiving help” being the lone exception. AI 

adoption was associated with a 0.51 pp (95% CI, -0.89 to -0.13) decrease in the percentage of 

patients who said they received help when needed. At baseline, 66.3% of patients at AI adopting 

hospitals reported receiving help when needed so this effect corresponds to a less than 1% 

relative decrease. Event study plots for quality outcomes and patient experience associations are 

shown in Figs. S5 and S6 in the appendix, respectively.  

Table 1 places the previously discussed results in an aggregate context. The 1,221 

adopting hospitals were treated for 3.6 years on average of the possible four years of treatment 

(2021-2024). We multiplied 1,221 by 3.6 and the appropriate means and coefficients estimates 

from Table S1 and Figure 3 to produce the aggregate results in Table 1. For instance, for the 

aggregate net patient revenue effect we multiplied 1,221 by 3.6 and $366 million (mean net 

patient revenue at baseline for AI adopters in Table S1) and 0.025 (the percent change in net 

patient revenue from Figure 3). Using this procedure our estimated aggregate effects are $40.1 

billion (95% CI, $19.4 billion to $61.0 billion) in net patient revenue, $40.0 billion (95% CI, 

$20.5 billion to $59.6 billion) in total expenses, -$4.4 billion (95% CI, -$7.9 billion to -$0.9 

billion) in administrative expenses, 6.0 million (95% CI, 3.8 million to 8.1 million) discharge 

equivalents, and 65,000 (95% CI, 24,000 to 106,000) additional employees. Additionally, we 

estimated nearly 10,000 fewer in-hospital deaths (95% CI, 3,253 to 14,706) across the three 

mortality measures that improved following AI adoption.  
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Additional analyses  

We found AI adoption was associated with larger increases in revenues for for-profit, non-critical 

access, and system hospitals, but subgroup estimates were not statistically different from one 

another, largely because of reduced sample size. We found little heterogeneity across the same 

three dimensions in terms of effects on administrative expenses (Figs. S1 and S2 in the 

appendix). 

​ We also analyzed whether the volume increases we identified were contained to a 

particular service type (e.g., inpatient) or payer (e.g., commercial) or applied more broadly. Figs. 

S7 and S8 in the appendix shows volume increased across the board – by type (inpatient, 

outpatient) and payer (commercial, Medicare, and Medicaid). Notably, 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%; 95% CI, 0.3% to 3.7%) than the increase in patient volume.  

 

Discussion  

The launch of ChatGPT and other AI applications has created potentials to transform the health 

care industry by improving patient interaction, supporting clinical diagnoses, enhancing health 

education, providing health advice, promoting wellness, and increasing efficiencies (39).  This 

study shows that the adoption of AI by hospitals is associated with increases in revenue, clinical 

expenses, and volume and decreases in administrative costs. Additionally, we show evidence that 

hospital AI adoption is associated with 10,000 fewer in-hospital deaths. Finally, this paper finds 

that AI adoption increases patient volume across service and payer type and that this additional 

volume is largely a result of improved efficiency rather than physical expansion (e.g., more 

hospital beds).  
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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 a major 

teaching hospital, and treat more complex patient populations, which is consistent with previous 

studies (23–25, 40). 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 (28, 41). These differences in AI adoption beg 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 these benefits.  

This study’s findings should be interpreted while cognizant of its several limitations. 

First, a number of the hospitals we labeled as non-adopters could actually be adopters who 

simply chose not to answer the AHA’s survey question on the topic. In this case they could be 

receiving weight in our synthetic control and would in turn bias our results toward the null. 

Second, the most recently available data on AI adoption is as of 2023 and we are measuring 

outcomes through 2024. As a result, some hospitals may have adopted in 2024 and we again 

considered them non-adopters making our results again more conservative. Finally, the SDID  

method used in this study hinges on the assumption that the constructed synthetic control is a 

valid counterfactual, that is, it would have continued on the same trend as the treated group 

absent the treatment. 

Initial findings suggest that the integration of AI into hospital administrative workflows 

holds substantial promise for mitigating systemic operational burdens. Emerging AI applications 

in areas such as predictive scheduling algorithms, Natural Language Processing for automated 

clinical documentation and billing, and streamlined revenue cycle management are showing a 

12 

https://www.zotero.org/google-docs/?M0kP0J
https://www.zotero.org/google-docs/?ra2aOC


measurable impact on efficiency. A direct corollary of these gains is the potential for increased 

patient throughput, which logically translates to enhanced revenue streams. However, while 

these preliminary results are encouraging, they necessitate a deeper, more systematic inquiry. 

Future research must be directed toward elucidating the specific causal mechanisms by which AI 

interventions generate these improvements. A critical challenge moving forward will be 

developing scalable and equitable implementation strategies to ensure these advancements are 

not confined to a few large medical centers but can be disseminated throughout the diverse 

landscape of the American health care system, thereby maximizing their public health impact. 
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Tables and Figures 

 
Fig. 1. Summary of AI adoption effects on revenues, expenses, volume, employment, 
efficiency. Shown are 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 exp(coef - 1)*100 to 
create the percentage effects shown in the figure. The regression model included hospital and 
year fixed and standard errors were clustered at the hospital level. The error bars represent 95% 
confidence intervals.  
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Fig. 2. Percentage change in net patient revenue after AI adoption. Shown are estimates from 
a synthetic difference-in-differences event study where log(net patient revenue) is the dependent 
variable. Coefficient estimates have been transformed using the formula exp(coef - 1)*100 to 
create the percentage effects shown in the figure. The regression model included hospital and 
year fixed and standard errors were clustered at the hospital level. The error bars represent 95% 
confidence intervals.  
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Fig. 3. Percentage change in administrative expenses after AI adoption. Shown are estimates 
from a synthetic difference-in-differences event study where log(administrative expenses) is the 
dependent variable. Coefficient estimates have been transformed using the formula exp(coef - 
1)*100 to create the percentage effects shown in the figure. The regression model included 
hospital and year fixed and standard errors were clustered at the hospital level. The error bars 
represent 95% confidence intervals.  
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Fig. 4. Summary of AI adoption effects on quality. Shown are estimates from a synthetic 
difference-in-differences model where the variable listed on the vertical axis is the dependent 
variable for each model. The regression model included hospital and year fixed and standard 
errors were clustered at the hospital level. The error bars represent 95% confidence intervals.  
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 Estimate (95% CI) 

Finances   

Net patient revenue $40.1 billion ($19.4 billion to $61.0 billion) 

Total expenses (millions of $)  $40.0 billion ($20.5 billion to $59.6 billion) 

       Clinical expenses (millions of $)         $19.9 billion ($12.2 billion to $27.7 billion) 

       Admin. expenses (millions of $)         -$4.4 billion (-$7.9 billion to -$0.9 billion) 

Volume  

Discharge equivalents 6.0 million (3.8 million to 8.1 million) 

Labor  

Total hours 519 billion (195 billion to 849 billion) 
~65k employees (24k to 106k employees)* 

Quality  

Mortality - heart failure 1,867 fewer in-hospital deaths (533 to 3,200) 

Mortality - pneumonia 5,760 fewer in-hospital deaths (2,346 to 9,173) 

Mortality - COPD 1,370 fewer in-hospital deaths (374 to 2,333) 

 
Table 1. Aggregate effects of hospital AI adoption, 2021-2024. Shown are aggregated effects 
calculated by multiplying the SDID estimates by 1,221 (the number of adopting hospitals), 3.6 
(the average number of adoption years), and the relevant adopting hospital sample means from 
Table S1 in the appendix. Full calculation details are included in the appendix.  
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Materials and Methods 

A.​ Empirical Strategy 

The Synthetic Difference-in-Differences (SDID) method is a statistical technique used for causal 
inference with panel data, designed to estimate the effects of a policy or event (3). It combines 
features from two widely used methods: Difference-in-Differences (DID) and Synthetic Control 
(SC). 

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 the treatment. From SC, SDID borrows the idea of reweighting untreated (control) 
units to create a "synthetic" control group. This synthetic control is constructed so that its 
outcome trends in the pre-treatment period closely match the trends of the treated group. SDID 
incorporates the core logic of DID by allowing for time-invariant differences between the treated 
and control groups (i.e., unit fixed effects). This means the method focuses on matching 
pre-treatment trends rather than requiring a perfect match in pre-treatment outcome levels, 
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 SDID estimate process involves three main steps:  

1.​ Compute Unit Weight ( ) : Find weights for the control units to make the weighted 
average trend of their pre-treatment outcomes parallel to the average trend of the treated 
units. 

2.​ Compute Time Weights ( ): Find weights for the pre-treatment time periods that best 
balance the pre- and post-treatment periods for the control units. 

3.​ Estimate the Effect ( ): Use these unit and time weights in a weighted two-way 
fixed-effects regression to estimate the treatment effect. The core estimating equation is: 

 

Where  is the outcome for unit  at time ,  indicates treatment, and  and  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. 

2 

https://www.zotero.org/google-docs/?F0EeqA
https://www.codecogs.com/eqnedit.php?latex=%5Chat%7B%5Comega%7D#0
https://www.codecogs.com/eqnedit.php?latex=%5Chat%7B%5Clambda%7D#0
https://www.codecogs.com/eqnedit.php?latex=%5Chat%7B%5Ctau%7D#0
https://www.codecogs.com/eqnedit.php?latex=%5Cleft(%20%5Chat%7B%5Ctau%7D%5E%7Bsdid%7D%2C%5Chat%7B%5Cmu%7D%2C%5Chat%7B%5Calpha%7D%2C%5Chat%7B%5Cbeta%7D%20%5Cright)%20%3D%20%5Ctext%7Barg%7D%20%5Cmin_%7B%5Ctau%2C%20%5Cmu%2C%20%5Calpha%2C%20%5Cbeta%7D%20%5Cleft%5C%7B%20%5Csum_%7Bi%3D1%7D%5EN%20%5Csum_%7Bt%3D1%7D%5ET%20%5Cleft(Y_%7Bit%7D%20-%20%5Cmu%20-%20%5Calpha_i%20-%20%5Cbeta_t%20-%20W_%7Bit%7D%20%5Ctau%20%5Cright)%5E2%20%5Chat%7B%5Comega%7D_i%5E%7Bsdid%7D%20%5Chat%7B%5Clambda%7D_t%5E%7Bsdid%7D%20%5Cright%5C%7D#0
https://www.codecogs.com/eqnedit.php?latex=Y_%7Bit%7D#0
https://www.codecogs.com/eqnedit.php?latex=i#0
https://www.codecogs.com/eqnedit.php?latex=t#0
https://www.codecogs.com/eqnedit.php?latex=W_%7Bit%7D#0
https://www.codecogs.com/eqnedit.php?latex=%5Calpha_i#0
https://www.codecogs.com/eqnedit.php?latex=%5Cbeta_t#0


In this study we were faced with both non-parallel trends and differences in pre-treatment 
outcome levels. In Fig SXX we show the raw pre-treatment trends for treated and control 
hospitals for all our outcome variables. The trends are frequently different across treated and 
control groups and there are sizable level differences given treated hospitals are generally larger. 
The following lays out the preliminaries of our SDID implementation.  

Data and Groups:  

-​ Data: A balanced panel of U.S. hospitals from 2017-2024. 
-​ Units: 4,022 general acute care hospitals 
-​ Treated Group: 1,221 hospitals that adopted AI between 2021 and 2023. 
-​ Control Group: The remaining 2,801 hospitals that did not adopt.  

Treatment and Timing:  

-​ Treatment: The adoption of AI tools for administrative or clinical workflows.  
-​ Timing: Staggered adoption as hospitals adopting in 2021 (XX hospitals), 2021 (), and 

2023 ().  

Estimation proceeded as follows.  

1.​ Cohort-specific estimation: The SDID algorithm is applied separately for each adoption 
cohort (e.g., hospitals that first adopted AI in 2021, those that adopted in 2022, etc.). For 
each cohort: 

a.​ The pre-treatment period is defined as the years from 2017 up to the year before 
adoption.  

b.​ The control group consists of all 2,801 hospitals that had not yet adopted AI.  
c.​ Unit weights ( ) are calculated to create a synthetic control from the 

non-adopting hospitals whose average pre-adoption outcome trends are parallel to 
those of the specific adoption cohort. 

d.​ Time weights ( ) are calculated for the pre-adoption years to improve the 
precision of the counterfactual prediction.  

e.​ A cohort-specific treatment effect is estimated using the weighted DID regression.  
2.​ Aggregate Treatment Effect: The individual treatment effects from each adoption 

cohort are then averaged, weighted by the size of each cohort, to produce a single, overall 
Average Treatment Effect on the Treated (ATT) for AI adoption. We estimated the effects 
described in #1 and #2 using the sdid package in Stata (4).  

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. This is particularly useful for assessing when an effect emerges and 
whether it grows or fades over time. 
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3.​ The Dynamic Cohort-Specific Estimator ( ): The core of the event-study 
extension is the dynamic estimator, which measures the treatment effect for a specific 
adoption cohort ( ) at a specific time lag ( ) after treatment begins. Instead of averaging 
over all post-treatment periods, this estimator compares the outcome difference between a 
treated cohort and its synthetic control at a single point in time ( ) to the 
average difference observed across the entire pre-treatment period. The estimator for the 
effect  periods after treatment for cohort  is defined as:  𝑙 𝑎

 

By construction, the standard cohort-specific SDID estimate ( ) is simply the 
average of these dynamic estimators over all post-treatment periods for that cohort. 

4.​ The Aggregated Dynamic Estimator ( ): In a staggered adoption setting where 
different cohorts receive treatment at different times, it’s useful to have a single estimate 
for the effect at a specific lag  (e.g., the average effect two years post-treatment). This 
can be achieved by calculating a weighted average of the cohort-specific dynamic effects 

( ) across all cohorts that can be observed  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 (i.e., the 2021 cohort in our context). The formula for this 
aggregated dynamic estimator is:  

 

Where  is the total number of treated units across all cohorts observed at lag .  𝑙

5.​ Connection to the Overall ATT: This framework is internally consistent as the overall 
ATT from the standard SDID procedure can be recovered from these dynamic estimates. 

The overall ATT is a weighted average of the aggregated dynamic estimators ( ), 
with weights proportional to the total number of units for which the effect at lag  can be 
calculated. This relationship is shown by the equation: 

 

This equation demonstrates how the overall average effect is composed of the 
period-by-period dynamic effects. We estimated the event study effects described in 
#3-#5 using the sdid_event package in Stata, an extension of the sdid package (5).  
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B.​ Details on the aggregate effects calculations  
 
To estimate the aggregate impact of adoption across the U.S. healthcare system, we extrapolated 
our SDID estimates to the full population of 1,221 adopting hospitals over the 2021–2024 study 
period. We calculated the average duration of adoption within this four-year window to be 3.6 
years. 

Finances and Volume Estimates. For financial and volume-based outcomes, we calculated 
cumulative effects by applying the estimated percentage change (SDID coefficient) to the 
baseline sample mean (Table S1), scaled by the number of adopters and the duration of adoption. 

●​ Revenue & Expenses: Applying the 2.5% increase in net patient revenue to the baseline 
mean of $366 million yielded an aggregate increase of $40.1 billion. Total expenses 
followed a similar trajectory, rising by $40.0 billion (based on a 2.4% estimate). 
Decomposing these costs revealed a shift in resource allocation: while clinical expenses 
increased by $19.9 billion, administrative expenses decreased by $4.4 billion. 

●​ Volume: Operational throughput also expanded; applying the 6.7% estimate to the 
baseline of 20,233 discharge equivalents suggested a total increase of 6.0 million 
discharge equivalents across the adopting cohort. 

Labor Estimates. To contextualize the increase in labor hours, we converted aggregate hours 
into employee counts. We estimated a total increase of approximately 519 million labor hours 
(2.7% effect size × 4.3 million baseline hours × 1,221 hospitals × 3.6 years). Using a standard 
full-time equivalent (FTE) benchmark of 2,000 hours per year (40 hours/week × 50 weeks) over 
the 4-year period, this increase corresponds to approximately 65,000 additional employees. 

Mortality Estimates. For mortality outcomes, we employed a population-based market share 
approach. We first derived annual national hospitalization volumes for Heart Failure, Pneumonia, 
and COPD by applying historical hospitalization rates (per 100,000) to the average U.S. adult 
population for 2021–2024. We assumed that adopting hospitals—which account for one-third of 
total U.S. hospital beds—treated a proportional one-third of these national cases. We then 
calculated in-hospital death reductions by applying the SDID percentage-point reduction to this 
specific patient volume. 

●​ Heart Failure: With an estimated 4 million national hospitalizations over the study 
period, the adopting hospitals managed approximately 1.33 million cases. Applying the 
0.14 percentage-point reduction in mortality yielded an estimated 1,867 fewer in-hospital 
deaths.  

●​ Pneumonia: Based on 6.4 million national hospitalizations, the adopting hospitals 
managed approximately 2.13 million cases. The 0.27 percentage-point reduction 
corresponded to 5,760 fewer in-hospital deaths.  
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●​ COPD: Based on 2.8 million national hospitalizations, the adopting hospitals managed 
approximately 0.93 million cases. The 0.14 percentage-point reduction corresponded to 
1,307 fewer in-hospital deaths. 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

6 



Table S1. Baseline (2017) characteristics of Hospital AI adopters and non-adopters 

 AI adopters Non-adopters 
Standardized 

difference 

N 1,221 2,801  

Finances and Volume    

Net patient revenue (millions of $) 366 (517) 146 (217) 0.56 

Total expenses (millions of $) 372 (530) 144 (218) 0.56 

Expenses for clinical activities (millions of $) 193 (270) 75 (117) 0.56 

Expenses for administrative activities (millions of $) 65 (87) 26 (39) 0.57 

Discharge equivalents 20,233 (20,503) 9,319 (12,302) 0.64 

Labor    

Employees on payroll (full-time equivalents) 1,729 (2,388) 722 (1,038) 0.55 

Total paid hours (thousands) 4,322 (5,233) 2,313 (2,600) 0.49 

Paid hours, administrative and general (thousands) 430 (670) 250 (321) 0.34 

Quality    

          Outcomes    

30-day mortality rate for patients admitted to the 
hospital with a heart attack (%) 13.4 (1.2) 13.6 (1.20) -0.16 

30-day mortality rate for patients admitted to the 
hospital with a heart failure (%) 11.7 (1.6) 12.1 (1.6) -0.23 

30-day mortality rate for patients admitted to the 
hospital with pneumonia (%) 15.7 (2.0) 16.2 (1.9) -0.24 

30-day mortality rate for patients admitted to the 
hospital with COPD (%) 8.0 (1.1) 8.1 (1.1) -0.11 

30-day mortality rate for patients admitted to the 
hospital with a stroke (%) 14.4 (1.7) 14.7 (1.6) -0.15 

30-day mortality rate for patients who have undergone 
CABG surgery at the hospital (%) 3.1 (0.8) 3.4 (0.9) -0.30 

30-day all-cause readmission rate (%) 15.2 (0.8) 15.3 (0.8) -0.12 

          Patient Experience    

Patients who reported that their nurses "Always" 
communicated well (%) 79.9 (4.3) 80.1 (5.5) -0.05 

Patients who reported that their doctors "Always" 
communicated well (%) 80.8 (4.1) 82.1 (5.6) -0.26 

Patients who reported that they "Always" received help 
as soon as they wanted (%) 66.3 (7.6) 68.5 (9.1) -0.26 

Patients who gave their hospital a rating of 9 or 10 on a 73.0 (7.0) 72.2 (8.4)  0.09 
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scale from 0 (lowest) to 10 (highest) (%) 

Patients who reported YES, they would definitely 
recommend the hospital (%) 73.2 (8.0) 71.1 (9.1) 0.24 

Hospital characteristics    

Beds 236 (243) 117 (147) 0.59 

Part of a system 0.91 (0.29) 0.62 (0.49) 0.73 

Rural-urban continuum code (1=most urban, 10=most 
rural) 2.6 (2.1) 4.1 (2.7) -0.60 

Critical Access Hospital 0.16 (0.37) 0.39 (0.49) -0.53 

For-profit 0.06 (0.24) 0.21 (0.40) -0.44 

Major teaching hospital 0.15 (0.35) 0.05 (0.22) 0.33 

Medicare casemix index (CMI) 1.69 (0.31) 1.57 (0.31) 0.39 

Medicare inpatient discharge share 0.35 (0.14) 0.44 (0.17) -0.55 

Medicaid inpatient discharge share 0.09 (0.09) 0.10 (0.10) -0.10 

Operating margin 0.031 (0.149) 0.003 (0.227) 0.15 

 
Sources: AHA’s Annual Survey (AI adoption), CMS’s Hospital Compare (quality measures), Hospital Cost Report 
data as collected by RAND (all other measures).  
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Fig. S1. Net patient revenue heterogeneity  

 
 
Sources: AHA’s Annual Survey (AI adoption) and Hospital Cost Report data as collected by RAND (expenses and 
discharge equivalents).  
Notes: Every event study shown was estimated using the sdid_event command in Stata. The dependent variable for 
each event study was a logged version of the panel’s title. Placebo standard errors clustered at the hospital level.  
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Fig. S2. Administrative expenses heterogeneity  

 
 
Sources: AHA’s Annual Survey (AI adoption) and Hospital Cost Report data as collected by RAND (expenses and 
discharge equivalents).  
Notes: Every event study shown was estimated using the sdid_event command in Stata. The dependent variable for 
each event study was a logged version of the panel’s title. Placebo standard errors clustered at the hospital level.  
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Fig. S3. Additional finance and volume event studies  

(A)​Total expenses 

 

(B)​Expenses for clinical activities 
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(C)​Discharge equivalents 

 
Sources: AHA’s Annual Survey (AI adoption) and Hospital Cost Report data as collected by RAND (expenses and 
discharge equivalents).  
Notes: Every event study shown was estimated using the sdid_event command in Stata. The dependent variable for 
each event study was a logged version of the panel’s title. Placebo standard errors clustered at the hospital level.  
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Fig. S4. Labor market event studies  

(A)​ Employee FTEs 

 

(B)​Total hours 
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(C)​Administrative and general hours 

 

Sources: AHA’s Annual Survey (AI adoption) and Hospital Cost Report data as collected by RAND (FTEs and 
hours).  
Notes: Every event study shown was estimated using the sdid_event command in Stata. The dependent variable for 
each event study was a logged version of the panel’s title. Placebo standard errors clustered at the hospital level.  
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Fig. S5. Quality event studies - outcomes  

(A)​ Mortality rate - heart attack 

 

(B)​Mortality rate - heart failure 
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(C)​Mortality rate - pneumonia 

 

(D)​Mortality rate - COPD 
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(E)​ Mortality rate - stroke 

 

(F)​Mortality rate - CABG surgery 
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(G)​All-cause readmission rate 

 

Sources: AHA’s Annual Survey (AI adoption) and CMS Hospital Compare (quality).  
Notes: Every event study shown was estimated using the sdid_event command in Stata. The dependent variable for 
each event study was each panel’s title. Placebo standard errors clustered at the hospital level.  
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Fig. S6. Quality event studies - patient experience  

(A)​ Nurse communication  

 

(B)​ Doctor communication  
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(C)​Receiving help 

 

(D)​9 or 10 rating 
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(E)​Recommend hospital 

 

Sources: AHA’s Annual Survey (AI adoption) and CMS Hospital Compare (quality).  
Notes: Every event study shown was estimated using the sdid_event command in Stata. The dependent variable for 
each event study was each panel’s title. Placebo standard errors clustered at the hospital level.  
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Fig. S7. Additional volume analyses - beds and service type  

(A)​ Beds 

 

(B)​ Inpatient discharges  
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(C)​Outpatient discharge equivalents 

 

Sources: AHA’s Annual Survey (AI adoption) and CMS Hospital Compare (quality).  
Notes: Every event study shown was estimated using the sdid_event command in Stata. The dependent variable for 
each event study was each panel’s title. Placebo standard errors clustered at the hospital level.  
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Fig. S8. Additional volume analyses - payer  

(A)​ Commercial inpatient discharges 

 

(B)​ Medicare inpatient discharges  
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(C)​Medicaid inpatient discharges 

 

Sources: AHA’s Annual Survey (AI adoption) and CMS Hospital Compare (quality).  
Notes: Every event study shown was estimated using the sdid_event command in Stata. The dependent variable for 
each event study was each panel’s title. Placebo standard errors clustered at the hospital level.  
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