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Abstract: This paper examines how hospital adoption of Electronic Medical Records (EMRs) 

impacts medical procedure choice in the context of Cesarean section deliveries. It provides a 

unique contribution by tying the literature on EMR diffusion to the literature on the utilization of 

expensive medical technology and provider practice style. Exploiting within-hospital variation in 

three types of EMR adoption, we find that Computerized Physician Order Entry, an advanced 

EMR system that typically incorporates decision support, reduces C-section rates for low-risk 

mothers by 2.5%. Obstetric specific EMR systems and Physician Documentation have no 

statistically significant effect on C-section rates. In addition, we find that the CPOE effect occurs 

predominantly in hospitals that were already performing fewer C-sections, and does not change 

the behavior of already high-intensity providers.  
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1. Introduction 

Healthcare spending and utilization varies greatly across the United States, and this 

variation is often uncorrelated with health outcomes (e.g. Baicker et al., 2006; Fisher et al., 

2003a,b; Fuchs, 2004; Skinner 2011). Recent research suggests that much of this variation is 

driven by supply side factors (Chandra et al. 2011), including practice style (Dranove et al. 2011, 

Epstein and Nicholson 2009, Molitor 2016) and physician beliefs (Cutler et al. 2018) that 

determine treatment choices for similar patients treated by different providers. Over the past 

decade, healthcare providers have increased their use of health information technology (HIT). 

HIT is intended to act as a complementary input to medical procedures, and proponents expect 

that further implementation of HIT is likely to improve healthcare quality while reducing costs 

(Hillestad et al. 2005). However, the evidence of the effect of HIT on patient health outcomes 

and healthcare costs has been mixed (e.g. Freedman et al. 2017, Agha 2014, McCullough et al. 

2016).  

This paper provides a unique contribution by tying together literature on HIT and the 

utilization of expensive medical treatment. We ask whether HIT can improve providers’ ability 

to match patients with their most appropriate treatment. In our empirical context, we examine 

how hospital adoption of advanced Electronic Medical Record (EMR) applications impacts the 

utilization of Cesarean section deliveries for childbirth. C-sections are often considered an over-

utilized procedure. C-sections are more expensive than normal delivery and can have negative 

health impacts for the marginal patient undergoing the procedure (Johnson and Rehavi 2016, 

Osterman and Martin 2013). Reducing unnecessary C-sections could also have additional 

benefits that would not be measurable in typical health and cost outcomes, such as a mother’s 



 

 

2 

 

quicker recovery time from the delivery and decreased chance of postpartum depression 

(Robertson et al., 2004).  

EMRs may impact C-section decisions through a variety of mechanisms. For example, 

electronic patient information at the point of care may provide practitioners with better 

information about a patient’s medical condition. Clinical decision support protocols built into 

some EMR systems may provide specific guidance and help providers make decisions based on 

real-time patient data.  

The most similar study to ours, Meyerhoefer et al. (2016), finds that  the exchange of 

electronic information between the outpatient and inpatient setting at a large, regional provider 

organization reduced C-section rates. Our study complements this work by exploring large-scale 

data on EMR use within hospitals across twenty-nine states and additional functionalities such as 

decision support. We exploit within hospital variation over time in EMR adoption and estimate 

the impact of EMR adoption on C-sections among a population of women for whom C-sections 

are most likely to be over-utilized. We also consider heterogeneous effects by a hospital’s initial 

propensity to utilize C-sections. Lower intensity hospitals may be more committed to reducing 

unnecessary C-sections and may use EMR applications as a means to improve further. 

Alternatively, higher intensity hospitals may have more cases of clear overutilization that could 

be eliminated with an intervention such as EMR adoption.   

Our analysis explores EMR applications that allow physicians to better document and 

communicate patient health conditions (Physician Documentation), applications that allow 

physicians to directly input orders electronically and often provide decision support protocols 

(Computerized Practitioner Order Entry), and an application designed and implemented 

specifically in an obstetrics unit of a hospital (Obstetric EMR).  
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We find consistent evidence that Computerized Practitioner Order Entry decreases the 

use of C-sections among low-risk women, particularly in hospitals that were already low-

intensity. Relative to the mean low-risk C-section rate, we find it decreases C-sections by 2.5% 

in the full sample and 4.1% in low-intensity hospitals. We find some evidence that Physician 

Documentation may also decrease C-section rates among low-risk women, but this effect occurs 

with a lag and is not precisely estimated, and that Obstetric specific EMR systems reduce C-

sections among the population most likely to be impacted by the ability to monitor and make 

decisions from real-time, obstetric-specific data.  

We also consider the fact that changes in C-section rates could have ambiguous welfare 

effects. We examine how EMR adoption changes maternal health outcomes, examining the 

tradeoff between adverse events most associated with C-section delivery vs. adverse events most 

associated with vaginal delivery. We do find that decreases in C-sections among low-risk women 

are accompanied by increases in lacerations, most associated with vaginal delivery, and 

decreases in infections, which can be associated with either mode of delivery.  

Our results suggest that hospitals more likely to be less intensively treating lower risk 

patients further decrease C-section rates for this group when implementing some EMR 

applications, particularly those most likely to incorporate decision support. However, the welfare 

effects of these changes are unclear given our findings of increases in some bad outcomes. These 

findings suggest that future research should explore more comprehensive cost and health 

outcomes for mothers and infants, both in the hospital and after the hospital stay.  

 

2. Background and Previous Literature 

A. EMR Technologies 
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Proponents of EMR adoption and increased investment in health information technology 

envision large improvements in the quality and cost of care (Hillestad et al. 2005). However, the 

empirical evidence to date has suggested difficulty in obtaining these goals. Several papers have 

found little impact of hospital EMR adoption on mortality among Medicare patients overall, and 

if anything increases in treatment costs (e.g. Agha 2014, McCullough et al. 2016). Effects on 

health outcomes, however, appear to be heterogeneous. McCullough et al. (2016) find that EMRs 

can decrease mortality for the highest severity Medicare patients through improved care 

coordination, and Freedman et al. (2017) find improved patient safety for younger and less 

severely ill patients through decision support mechanisms. Perhaps the most optimistic finding is 

evidence that EMR adoption decreases infant mortality (Miller & Tucker 2011). To our 

knowledge, our paper is the first large-scale study of the effect of hospital EMR adoption on 

treatment choices themselves.1  

We focus our analysis on advanced EMR technologies that allow the provider to interact 

directly with the system at the point of care and which may provide additional input into 

treatment decisions beyond simply presenting patient data. We choose to focus on advanced 

systems because they exhibit much more variation in adoption during our study period than more 

basic systems, and because these are the systems found to improve outcomes in certain 

subpopulations (e.g. McCullough et al. 2016, Freedman et al. 2017). In particular, we estimate 

the effects of Computerized Practitioner Order Entry (CPOE), Physician Documentation (PD), as 

well as a specific Obstetrical System EMR (OB). CPOE gives physicians direct control over 

treatment orders which has the potential to reduce errors due to miscommunication. Rules based 

protocols, decision support, and error checks are often built into the CPOE user interface. Almost 

 
1 Lammers et al. (2014) finds evidence that electronic information exchange decreases repeated testing, but no other 

work has examined whether EMRs impact choice of intervention given a patient’s diagnosis. 
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all CPOE systems include or interface with clinical decision support systems of varying 

sophistication (Kaushal and Bates, 2001), and they often provide real-time feedback about the 

appropriateness of orders, diagnostic or therapy protocols, and prompts about the adherence to 

clinical guideline (Sittig and Stead, 1994).2 Physician Documentation allows physicians to 

directly input patient information, primarily used for billing and communication between 

providers (Dranove et al. 2014). Physician Documentation systems can include alerts and 

protocols at the point of care, but previous studies suggest CPOE is more likely to operate 

through decision support mechanisms and Physician Documentation through care coordination 

mechanisms (McCullough et al. 2016, Freedman et al. 2017).  

Obstetrical Systems (OB) provide an interface to manage the clinical services of labor 

and delivery and typically interact with devices such as fetal monitors. More efficient 

management of information and other aspects of obstetric care could improve treatment 

decisions. Our study is the first to explore the effects of these systems in large-scale data.  

 

B. Cesarean Sections, “Practice Style,” and Potential Impacts of Advanced EMRs 

C-sections provide a unique context to examine the effect of EMRs on treatment choices 

in hospitals. First, there is a well-defined patient population observable in hospital inpatient data, 

since almost all U.S. births occur in hospitals. Second, whether the delivery ultimately occurs via 

C-section is highly salient, measurable, and has important implications for both health outcomes 

 
2 While we would ideally examine the adoption of clinical decision support applications directly, these applications 

are inconsistently reported in our data. We therefore follow McCullough et al. (2016) and Freedman et al. (2017) 

and use CPOE adoption as a proxy for advanced EMR capabilities that allow the provider to interact with the system 

at the point of care and likely have decision support built in.  
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and cost of care. Third, there is a consensus of over use in the U.S, providing scope for 

interventions such as EMR adoption to influence C-section rates. 

From 1996 to 2011, C-section rates for singleton births in the U.S. increased from 19.7% 

to 31.3%. These trends occurred for births of all gestational ages, with some of the largest 

increases among full term births (Osterman and Martin 2013). The U.S. is well above the OECD 

average rate of 25.9% as of 2009 (OECD 2011). There is also a great deal of variation in C-

section rates across the country. Baicker et al. (2006) finds that patient characteristics do not 

explain this variation, and higher rates do not improve patient health outcomes. Johnson and 

Rehavi (2016) calculate that reducing C-sections to their 1996 levels could save between $1 and 

$3 billion per year in direct medical costs. Additionally, mothers undergoing C-section deliveries 

have higher mortality rates, higher re-hospitalization rates for infections and other surgical 

complications, longer recovery times and hospital stays, and greater chance of future pregnancy 

complications (see Johnson and Rehavi 2016 for a detailed discussion).  

A recent literature in health economics explores the extent to which overutilization and 

regional variation in medical care is driven by “practice style” (Dranove et al. 2011, Epstein and 

Nicholson 2009, Molitor 2016). Chandra and Staiger (2007) find that practice style, as defined 

by a provider’s propensity to prescribe and ability to perform high intensity treatment, may be an 

important explanation of why geographic variation in health care spending is not highly 

correlated with outcomes. Currie and MacLeod (2013) extend a similar idea to the context of 

childbirth. Physicians differ in both their ability to perform C-sections (procedure skill) and their 

ability to make appropriate decisions about what treatment is best for a patient (diagnostic skill). 

They find that increasing diagnostic skill decreases C-section rates among low-risk women, 

increases C-section rates among high-risk women, and improves outcomes for both groups as 
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doctors become better at matching patients with their most appropriate procedure. Our paper 

tests whether EMRs change medical decision-making and the process by which providers match 

patients to procedures. 

Additionally, EMRs may affect some of the key challenges to C-section decision making. 

First, literature suggests compliance with C-section practice standards is an important way to 

improve quality of care and reduce variation (Mackey and Lang 2011, Ransom et al. 2003). 

Accordingly, reviews of EMR adoption suggest that health information technology affects care 

quality mostly by increasing adherence to guideline- or protocol-based care (Chaudhry 2006). 

Second, computerized tools are increasingly used to overcome challenges in monitoring and 

interpreting fetal heart rate patterns, contraction patterns, and the progress of dilation. These 

factors are key to determining whether the infant is tolerating labor and to diagnosing dystocia, 

or slow labor. Computer models can be used to interpret these sources of data, detect anomalies, 

and predict labor curves that allow clinicians to potentially make better decisions about the 

course of labor, and therefore when to recommend a C-section (Hamilton et al. 2004). These 

EMR based tools may be particularly valuable while administering drugs that induce labor. 

During this process, the surveillance of contraction timing and trends is particularly important to 

ensure contractions do not become too frequent as to limit the fetus’s oxygen supply (Smith et al. 

2014). Medical studies of these tools are typically small-scale case studies, and our results 

provide causal evidence of these effects in large-scale data from hospitals in more than half of 

U.S. states.  

One limitation of our data is that we do not observe precise information about how 

exactly hospitals utilize each application. For example, case studies of EMR implementation 

suggest that obstetrics is a specialty in which hospitals likely integrate aspects of decision 
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support into CPOE systems (Wright et al. 2010). We are not be able to distinguish whether a 

hospital implements decision support through a hospital wide system like CPOE or through a 

specialty specific system like OB. We estimate the reduced form effect of each application.  

 

3. Empirical Model 

We consider the following two-way fixed effect regression model for patient i in hospital 

h and year t:  

 𝑰(𝑪𝒔𝒆𝒄𝒕𝒊𝒐𝒏𝒊𝒉𝒕) = 𝜷𝟎 + 𝜷𝟏𝑬𝑴𝑹𝒉𝒕 + 𝜷𝒙𝑿𝒊𝒉𝒕 + 𝜸𝒉 + 𝜹𝒕 + 𝜺𝒊𝒉𝒕 (1)  

The dependent variable is an indicator equal to one if a delivery is a C-section and zero 

otherwise. 𝐸𝑀𝑅ℎ𝑡 is a dummy equal to one in years in which hospital h has EMR installed and 

zero otherwise. 𝑋𝑖ℎ𝑡is a vector of patient demographics, including mother’s race/ethnicity 

categories, insurance coverage categories, and quartiles of mean household income in the 

mother’s zip code; dummies for characteristics of the delivery including mother’s age, weekend 

delivery, quarter of year, and the presence of other comorbidities;3 and a measure of price 

differences between C-sections and vaginal delivery at the hospital-year level, discussed in more 

detail below.  𝛾ℎ  and 𝛿𝑡 are hospital and year fixed effects. Standard errors are clustered at the 

hospital level to allow for correlated errors within hospitals.4 

Our identification strategy exploits within-hospital changes in EMR availability through a 

generalized difference-in-differences model with staggered treatment timing. In other words, we 

identify the effect of EMR adoption on C-section rates by comparing changes in C-sections rates 

 
3 As discussed below, our analysis sample of low-risk deliveries excludes women with previous C-sections and 

multiple births, so we do not control for these typical determinants of C-sections. We control for presence of a 

sexually transmitted disease, anemia, incompetent cervix, pregnancy related hypertension, and hemoglobinopathy, 

which are the only comorbidities listed in Table A1 that appear in our low-risk sample.  
4 In Appendix Table A3 we show that our main results are robust to estimating a logit model.  
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in adopting hospitals around the adoption year to concurrent changes in C-section rates occurring 

in both non-adopting hospitals and adopting hospitals that adopt at other points in time 

(Goodman-Bacon, 2018). We therefore assume hospitals adopting at different points in time 

share common trends with each other and with non-adopting hospitals absent EMR adoption. 

This identification strategy has been utilized in many studies of the effect of EMR adoption on 

health outcomes (e.g. Agha 2014, McCullough et al. 2016, and Freedman et al. 2017), and in 

Section 5 we provide a variety of tests of our identifying assumption.    

 

4. Data 

A. Inpatient Data 

Our primary data sources are the Nationwide Inpatient Sample (NIS) and the Health 

Information and Management Systems Society (HIMSS) Analytics Database from 2003-2011. 

The NIS is an annual 20%, nationally representative, stratified sample of U.S. community 

hospitals.5 Within each sampled hospital we observe the universe of patient discharge records in 

that year. For each record we observe diagnosis codes, procedure codes, patient demographics, 

and other information about the hospital stay. We extract all records for women hospitalized for 

childbirth. We use ICD-9 diagnosis codes to identify comorbidities that might determine C-

section delivery, discussed in more detail below. We also observe demographic characteristics of 

the mother. As in Currie and MacLeod (2013), we construct a proxy for the difference in 

reimbursement between C-section delivery and normal delivery by calculating the difference in 

the mean charges within a hospital-year for patients whose only procedure code is a C-section 

delivery and those whose only procedure code is a normal delivery.  

 
5 Our analysis data comes from 29 states which participate in the data set and provide hospital identifiers for linking 

to other data sources.  
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B. Electronic Medical Record Data 

The HIMSS Analytics Database is an annual survey of the information technology 

capabilities of over 3,000 hospitals nationwide. The HIMSS survey collects a wide range of 

information on over 100 different health information technology applications used in hospitals. 

Our analysis considers three EMR applications discussed above: CPOE, PD, and OB. We 

construct binary indicators for whether a hospital in a given year has the respective application 

installed.6 We estimate separate versions of Equation 3 for each EMR applications for ease of 

interpretation; however, including the EMR adoption indicators in the same regression provides 

very similar results. CPOE is available for all years of our data (2003-2011), and OB and PD are 

available beginning in 2005. 

Our full data set includes 5,105,525 delivery records from 1,525 unique hospitals that we 

are able to merge between the HIMSS and NIS data sources. Of these hospitals, we observe 975 

in at least two years of data, allowing us to exploit changes in EMR adoption over time within 

these hospitals. While our sample is generally similar to the full set of hospitals available in the 

NIS, it is slightly more representative of large, teaching hospitals in urban areas.7 Figure 1 shows 

the variation over time in each EMR application, plotting the fraction of births in our analysis 

sample that occur in hospitals with each application. CPOE diffuses from 7% of births in 2003 to 

 
6 We follow the guidelines given by HIMSS and consider an application installed if its status is live & operational, 

replaced, to be replaced or automated. 
7 Appendix Table A2 compares patient-level summary statistics of both patient and hospital characteristics for three 

different samples: all delivery patients in the NIS, a subsample of the patients who are in states with hospital 

identifiers and successfully merge to the HIMSS, and the subset of these patients that are in hospitals appearing in 

our data in more than one year. All three samples have very similar C-section rates and patient. Our analysis sample 

is more likely to be large, less likely be for-profit owned, more likely to be a teaching hospital, and less likely to be 

rural. 
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61% in 2011. PD increases from 23% in 2005 to 59% in 2011,8 and OB increases from 45% in 

2005 to 87% in 2011. 

 

C.  Sample Construction: Distinguishing Medical Risk and Hospital Intensity 

Our main sample of interest is low-risk deliveries for which C-sections are least likely to 

be appropriate. We follow Currie and MacLeod (2013) and measure a mother’s medical risk as 

her predicted likelihood of a C-section delivery.9 We pool our data across hospitals and estimate 

a logit model in which the dependent variable is C-section delivery and the independent variables 

are observable health characteristics listed in Appendix Table A1. We estimate this model 

separately in each year to allow general evolution in practice patterns over time. Based on these 

estimates, we then use predicted probability to rank women in terms of their medical 

appropriateness for a C-section. In other words, we use nationwide treatment patterns to uncover 

how the medical profession as a whole tends to rank appropriateness for a C-section based on 

observed medical characteristics.  

 One concern with this framework is that if EMR adoption impacts how hospitals make C-

section decisions, EMR adoption could impact our definition of patient risk. We estimate various 

versions using only observations from hospitals without EMRs, only observations from hospitals 

with EMRs, and only observations from hospitals that do not change their EMR adoption during 

our sample period. The correlation coefficient between predicted C-section probabilities from 

our main model and these alternative models are all above 0.999.  

Appendix Table A1 lists the means and the marginal effects of each variable from the 

Logit models from the first and last years of data. Figure 2 shows histograms of predicted C-

 
8 Despite the similar adoption rates over time, the correlation coefficient between CPOE and PD is only 0.44.  
9 Chandra and Staiger (2007) and Currie et al. (2015) follow a similar procedure for cardiac care. 



 

 

12 

 

section rates separately for women who do deliver by C-section (in white) and who do not 

deliver by C-section (in blue).10 The bulk of the distribution of women who do delivery by C-

section have a propensity above 0.80 and the bulk of the distribution of women who do not 

deliver by C-section have a propensity below 0.20. We consider those with propensities below 

0.20 to define the sample of low-risk women.11  

Table 1 presents summary statistics of patient characteristics for all births in our data and 

among our low-risk sample. Overall 31% of all deliveries and 14% of low-risk deliveries occur 

via C-section. While low-risk women are more likely to be younger, there are no large 

differences in demographic composition. Relative to the full set of deliveries, low-risk deliveries 

are slightly less likely to occur in hospitals with each of the EMR applications that we study.  

Figure 1 plots C-section rates over time among all deliveries and low-risk deliveries. 

Consistent with vital statistics data reported in Osterman and Martin (2014), we find increasing 

C-section rates for both groups during the 2000s, and a slight dip in C-section rates in 2010 and 

2011.  

We also separate hospitals based on their baseline C-section intensity. We may expect 

larger effects of EMR adoption in low-intensity hospitals if they are more committed to reducing 

unnecessary C-sections and therefore attempt to use EMR applications as an additional tool to 

further achieve this goal. Alternatively, we may expect larger effects in higher intensity hospitals 

since they have more cases of clear overutilization that could potentially be avoided with an 

intervention such as EMR adoption.   

 
10 These figures show similar patterns to similar figures presented by Currie and MacLeod (2013). 
11 This sample turns out to be almost identical to an alternative sample that defines low-risk women as those with 

singleton deliveries, no previous C-sections, and no other comorbidities. Our main sample includes all of these 

alternative low-risk women, plus an additional 47,678 (1.5% of our main sample) women. The mean C-section rate 

is also 14.0% in both samples. We now show results in Appendix Table A4 that our main results are almost identical 

with these alternative criteria. 
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To identify a hospital’s intensity level, we estimate a series of patient level regressions of 

C-section delivery on dummies for deciles of the predicted C-section probability separately for 

each hospital in each year. We recover the constant term, the hospital’s C-section rate among its 

lowest risk patients, and assign each hospital its intensity measure from the first year we observe 

it in the data. Hospitals differ greatly in their treatment intensity of low-risk patients. The gap 

between the 10th percentile and 90th percentile of hospitals in our sample is 14 percentage points, 

and the gap between the 25th and the 75th percentile is 7 percentage points. We separate hospitals 

into groups based on terciles of this intensity measure.  

 

5. Results 

A. Main Estimation Results 

Column 1 of Table 2 presents the estimation results of Equation 1 for all low-risk 

deliveries. We find that CPOE reduces C-section utilization by a statistically significant 0.35 

percentage points. Given that the mean C-section rate among low-risk women is 0.14, this point 

estimate implies a 2.5% reduction relative to this mean. The estimated effects of OB and PD are 

also negative, but smaller and not statistically different from zero. Columns 2 and 3 of Table 2 

compare results for the top and bottom terciles of hospital intensity. We find that CPOE adoption 

decreases C-section rates for low-risk women delivering in low-intensity hospitals by a 

statistically significant 0.57 percentage points, or 4.1% relative to the mean C-section rate of 

low-risk women. The estimate in high-intensity hospitals is statistically insignificant and smaller 

than the point estimate in low-intensity hospitals. While these point estimates are not statistically 

different from each other, they suggest that CPOE adoption decreases C-section rates for low-
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risk women predominantly in low-intensity hospitals.12 Estimates for the other EMR 

technologies are not statistically significant in either type of hospital.  

 

B. Timing of Effects  

We also implement an event study approach by replacing 𝐸𝑀𝑅ℎ𝑡 with a set of dummies 

that more specifically trace out the timing of effects.  

 𝑰(𝑪𝒔𝒆𝒄𝒕𝒊𝒐𝒏𝒊𝒉𝒕)

= 𝜷𝟎 + ∑ 𝛃𝐩𝑰(𝑬𝒗𝒆𝒏𝒕𝑻𝒊𝒎𝒆 = 𝒑)𝒉𝒕

𝒑=−𝟑,−𝟐,𝟎,𝟏,𝟐+

+ 𝜷𝒙𝑿𝒊𝒉𝒕 + 𝜸𝒉 + 𝜹𝒕

+ 𝜺𝒊𝒉𝒕 

(2)  

We identify the year in which a hospital adopts an EMR application, and then construct five 

dummies: 3 or more years prior to adoption, 2 years prior to adoption, the year of adoption, 1 

year post adoption, and 2 years post adoption.13 We exclude the year just prior to adoption as the 

reference group. 

Figure 3 shows our event study estimates for each of the three technologies. In all of 

these figures, C-section trends are flat in the years prior to adoption, supporting our identification 

strategy. Panel A traces out low-risk patient C-section rates prior to and after CPOE adoption. 

The point estimates show a pattern consistent with Table 2 that CPOE reduces C-section rates. 

The only point estimate that is statistically significantly different from zero is during the year of 

 
12 We believe this differential effect for CPOE adoption is likely a function of how these hospitals make use of their 

EMR technologies rather than different rates of adoption itself. In Appendix Figure A1, we plot EMR adoption rates 

separately for low and high intensity hospitals. These figures suggest that there are not systematically different 

adoption rates or adoption trends that correlate with C-section intensity for CPOE and OB EMR. For PD, there is 

some evidence that low intensity hospitals started the sample with a lower rate of adoption, but adopted at a faster 

rate during the sample.  
13 While we do not observe each hospital in every year in the patient data, we do observe each year in the HIMSS 

data. We therefore use the HIMSS data to construct these dummies and attach them to the corresponding hospital-

year groups available in the NIS data.  
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adoption, but C-section rates remain persistently lower through all post-adoption years. For PD 

we find a slight decrease in C-section rates that grows over time, though none of the point 

estimates are statistically different from zero. The trend after OB adoption follows no clear trend 

and is insignificant.  

 

C. Additional Tests of Common Trends 

To further explore the common trends assumption, we ask whether hospitals that adopt 

EMR systems at different times had differential C-section trends in the years prior to their 

adoption compared to trends among non-adopting hospitals. We separate hospitals into timing 

groups based on the year in which they adopted an EMR system in the HIMSS data, and we test 

whether each adoption year group had different trends in the years prior to adoption. We run 

regressions of the following form: 

 𝑰(𝑪𝒔𝒆𝒄𝒕𝒊𝒐𝒏𝒊𝒉𝒕)

= 𝜷𝟎 + ∑ 𝜷𝒈𝑰(𝑨𝒅𝒐𝒑𝒕𝒊𝒐𝒏𝒀𝒆𝒂𝒓 = 𝒈)𝒉 ∗ 𝒚𝒆𝒂𝒓𝒕
𝒈

+ 𝜷𝒙𝑿𝒊𝒉𝒕 + 𝜸𝒉

+ 𝜹𝒕 + 𝜺𝒊𝒉𝒕 𝑖𝑓 𝑦𝑒𝑎𝑟 < 𝐴𝑑𝑜𝑝𝑡𝑖𝑜𝑛𝑌𝑒𝑎𝑟 

(3)  

 

In this specification 𝜹𝒕 represents the time path of C-sections among non-adopting hospitals over 

the full sample period. The 𝜷𝒈 coefficients represent the difference from this time path based on 

a linear year trend for hospitals that initially adopted the EMR system in each year, 𝒈. Note, we 

cannot include hospitals that had adopted in the first or second year of data for each application, 

since we need at least two years of pre-adoption data to estimate trends.  

In estimates presented in Table 3, we show that none of these 𝜷𝒈 coefficients are 

statistically different from zero for CPOE and PD, and an F-test does not reject the null that they 
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are jointly zero for both. We do find some differences in trends for OB adoption. However, when 

we run our main specification for OB excluding the two timing groups with statistically different 

pre-trends, we obtain almost the same estimate as we report in Table 2. This test provides 

additional evidence that hospitals on different C-section treatment trajectories did not adopt 

EMR systems at different times.  

 Despite our findings that EMR adopting hospitals did not tend to exhibit differential pre-

adoption C-section trends we also test whether our results are sensitive to controlling for trends 

in our regression specification in a variety of ways in the online Appendix Table 5. Our results 

are robust to controlling for hospital-specific linear trends, timing group specific linear trends, 

and to partialling out timing group pre-trends as suggested by Goodman-Bacon (2018).  

 

D. Patient Composition 

While the event study analysis suggests adopting hospitals do not have differential C-

section trends prior to adoption, changes in patient characteristics may coincide with EMR 

adoption and lead to spurious results. We verify that there is no change in the composition of 

patients at the time of EMR adoption on observable dimensions with a regression of patient 

characteristics on EMR adoption. The test is similar in spirit to a test of balance on observables 

between the treatment and control group, but in the context of a difference-in-differences 

identification strategy (Pei, Pischke, & Schwandt 2018; Wing, Simon, Bello-Gomez 2018). 

Table 4 presents the effect of EMR adoption on patient characteristics. We find that CPOE 

adoption is correlated with small shifts in patient composition from Medicaid to private payers 

and a small increase in mothers over the age of 35. However, these magnitudes are small and 

suggest the patient population is changing in ways that would make C-sections more likely. 
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Importantly, there is no change in the probability of comorbidities. While we do not find 

meaningful effects of OB and PD on C-section rates, adoption is not associated with large 

changes in patient composition or health characteristics.14  

 

E. Scheduled vs. Unscheduled C-Sections 

This paper focuses on the use of EMR technology within the hospital.15 As a result, we 

expect our results to be predominantly driven by C-section decisions that occur after the mother 

has been admitted to the hospital and not by C-section decisions scheduled prior to the 

hospitalization. A great deal of the variation in low-risk C-section rates is likely driven by 

decision making about the progress of labor (Main et al. 2011). Monitoring this progress may be 

an important mechanism through which EMRs, particularly decision support applications, may 

impact C-section decisions, as discussed above. We therefore explore the extent to which our 

results are driven by deliveries where monitoring labor is most likely to be relevant.  

Our data do not allow us to directly separate scheduled C-sections from C-sections 

following a trial of labor. However, C-sections that follow labor are likely to follow labor with 

some type of complication. We therefore follow Henry et al. (1995), Gregory et al. (2002), and 

Johnson and Rehavi (2016), and identify C-sections that occur after an ICD-9 diagnosis code that 

indicates a complication during labor or an ICD-9 procedure code that indicates an intervention 

during labor as unscheduled C-sections. Among low-risk women in our sample, 5% have a 

scheduled C-section and 9% have an unscheduled C-section. We also further separate 

unscheduled C-sections into those that do and do not follow induced labor. When labor is 

 
14 In Appendix Table 6, we also show that the estimation results are not sensitive to the inclusion of control 

variables. 
15 We do not observe whether the mother’s OB practice utilize EMRs in the outpatient setting or not. 
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induced, providers may pay closer attention to monitoring labor duration and contraction timing 

and interact more with the EMR system as they administer medication as labor progresses (Smith 

et al. 2014). 

Table 5 presents results with scheduled C-sections and unscheduled C-sections as 

separate dependent variables. While the point estimate for unscheduled C-sections is larger than 

the estimate for scheduled C-sections, neither is statistically significant. However, we find the 

effect is largest and statistically significant when focusing on unscheduled C-sections following 

inductions. The OB adoption effect for unscheduled C-sections with induction is also negative 

and statistically significant at the 10% level.16 These results  suggest that EMRs impact C-section 

rates in the cases in which patients are being monitored the closest and through the applications 

most likely to include decision support and obstetric specific tools.  

 

F. Additional Outcomes   

While it is an interesting question in itself whether providers change their medical 

decision making in response to EMR adoption, it is difficult to evaluate the welfare impacts. 

While we cannot fully establish welfare impacts, we examine the extent to which health 

outcomes change concurrently with this change in utilization. Based on Srinivas et al. (2010) we 

classify five categories of negative maternal health. Three of these outcomes can occur during 

either a C-section or vaginal delivery, including hemorrhage, infection, and thrombotic/other. 

Among the other two outcomes, lacerations predominantly occur during vaginal delivery and 

operative outcomes predominately occur during C-sections. This set of outcomes allows us to 

detect the potential tradeoff that could occur from shifting deliveries from one method to the 

 
16 In results available upon request we find that EMR adoption does not impact the likelihood of inducing labor. 
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other. We note that these results are only suggestive of how EMR induced changes in C-section 

utilization may impact outcomes, since it is possible for EMR adoption to impact some of these 

outcomes through other possible channels in addition to changes in delivery type. For example, 

EMRs may change how nurses monitor potential infections in the postpartum period.17 We 

therefore present reduced form estimates of the impact of adoption on these outcomes.   

Table 6 presents results for the effect of CPOE, PD, and OB on these outcomes. We find 

that CPOE, which decreases C-section use among low-risk women, has a statistically significant 

negative effect on infections. We also find a positive effect of CPOE on lacerations, though only 

statistically significant at the 10% level. This suggests a potential tradeoff between these two 

different adverse events for marginal C-section patients. When we estimate the effect of CPOE 

on length of stay in the hospital, also reported in Table 6, we find  reductions, but small and not 

statistically significant. Given that C-section deliveries typically increase the length of stay by a 

day, it is possible that the marginal patient shifted away from a C-section experiences other 

complications that keep them in the hospital for the same length of time. Overall, our analysis of 

outcomes does not provide conclusive evidence of the welfare effects of changing treatment 

patterns but does suggest that there may be tradeoffs in outcomes for marginal patients that shift 

from one delivery method to another. 

 

6. Conclusion 

This paper explores the interaction of health information technology and medical 

treatment choices. We assess whether EMR adoption improves providers’ ability to match 

 
17 For example, Freedman et al. (2017) find CPOE adoption reduces infections among surgical patients.  
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patients to procedures in a context where the procedure, C-section delivery, is thought to be over 

utilized among low-risk patients.  

We find that CPOE decreases C-section utilization among low-risk mothers by 2.5%. We 

find suggestive evidence that this effect is largest in cases in which closer monitoring of the 

progress of labor is required. We do not find statistically significant effects of either PD or OB 

adoption on C-section rates; although, we find suggestive evidence OB reduces C-section rates 

when real-time labor monitoring is particularly important. Taken together these results suggest 

that EMRs most likely to impact procedure choice are those most tightly aligned with decision 

support capabilities.18 While OB is specifically designed for obstetric units, it may not provide 

comprehensive tools to impact C-section decisions on its own.  

Our analysis of delivery related health outcomes suggests that the marginal patients that 

shift delivery type may also be more likely to experience an adverse outcome. We find no 

change in length of stay, and cannot observe measures of well-being after discharge from the 

hospital, so it is unclear from our data if these women are better or worse off on net.  

To put the magnitude of our results into context, we conduct a back of the envelope 

calculation of its implications for the cost of childbirth related care. Podulka et al. (2011) 

calculate that the cost of a maternal hospitalization for an uncomplicated C-section is $1,800 

more than an uncomplicated vaginal delivery. Based on births we observe in the NIS data, we 

extrapolate that there are about 2.8 million low-risk deliveries per year nationwide. Our point 

estimate that CPOE reduces C-sections by 0.35 percentage points implies that if all hospitals 

implemented CPOE, it would save $17.64 million (2.8 million X $1,800 X 0.0035) in maternal 

hospital related expenses annually. This represents only 0.11% of the $16.1 billion spent 

 
18 This finding is consistent with Freedman et al. (2017)’s findings that CPOE reduces preventable, adverse events 

among surgical patients, but PD does not.   
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annually on maternal hospitalizations (Podulka et al. 2011). At the hospital level, the average 

hospital in our sample delivers about 1,000 births per year. Therefore, our estimates imply CPOE 

leads to 3.5 fewer C-sections per hospital per year, which would imply savings of $6,300 per 

hospital per year. 

This paper has implications for understanding the role that EMR adoption may play in 

changing treatment decisions. However, the magnitude of this effect is quite small, and we only 

find these changes in certain hospitals: those that were already limiting their overutilization the 

most. Higher intensity hospitals are those where the system has the most to gain by reducing 

excessive over utilization. The marginal patient in these hospitals may also be more likely to 

have clearer welfare effects of decreased C-section rates. However, our results suggest these 

hospitals may have the most difficulty changing practice patterns. The characteristics that make 

high intensity hospitals the heaviest users of C-sections ex ante may also make these hospitals 

struggle to extract the most value from EMR adoption. For example, over utilization and the 

inability to harness EMRs to improve efficiency of care may both be correlated with 

management style or quality, physician training and practice style, or physician buy in to changes 

in practice organization.  

Interestingly, our results suggest that EMR adoption may actually increase differences in 

treatment intensity across hospitals as low-intensity hospitals reduce C-section rates and high-

intensity hospitals remain stable. These findings suggest that tools that might impact practice 

style are only likely to do so in provider organizations already committed to change. Our work 

shows that EMR adoption can impact treatment choices under certain conditions and suggests 

the need for more research around what these conditions are and how they can be modified.  
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Figure 1: EMR Adoption and C-section Rates Over Time  

Panel A: EMR Adoption Trends 

 

Panel B: C-section Trends 

 

 

Notes: Authors calculations from NIS and HIMSS data. EMR rates represent the fraction of births in hospitals that 

have adopted these EMR technologies in each year.   
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Figure 2: Distribution of Logit Model C-Section Predictions 

 
Notes: This figure graphs the distribution of the predicted probability of C-section based on the estimates in the 

Logit estimates in Appendix Table A1.  
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Figure 3: Event Study Estimation 

Panel A: CPOE Panel B: PD 

 

 

Panel C: OB  

Notes: These figures plot coefficients and 95% confidence 

intervals of event study estimation that traces out the trends 

in C-sections in EMR adopting hospitals from three years 

prior to adoption to 2 years post adoption. Zero corresponds 

to the adoption year and all coefficients are relative to the 

year prior to the adoption year. 
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Table 1: Summary Statistics  

  
All 

Deliveries 
  

Low-Risk 

Sample 

C-Section 0.314  0.140 

Low Risk 0.626   

Age 20 - 25 0.089  0.105 

Age 25 - 30 0.226  0.248 

Age 30 - 35 0.273  0.283 

Age > 35 0.248  0.234 

White 0.422  0.426 

Hispanic 0.195  0.195 

Other Race/Ethn. 0.087  0.088 

Missing Race/Ethn. 0.192  0.197 

Medicaid 0.395  0.397 

Private 0.542  0.539 

Payer Missing 0.001  0.001 

Weekend 0.198  0.224 

OB 0.691  0.684 

PD 0.314  0.304 

CPOE 0.376  0.367 

N 5,106,287   3,193,992 

Notes: This table presents means from our analysis sample  

of deliveries occurring in hospitals merged between the NIS  

and HIMMS data sets. 
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Table 2: Effect of EMR Adoption on C-Section Use 

  (1) (2) (3) 

 All Hospitals Low Intensity High Intensity 

CPOE -0.0035** -0.0057** -0.0030 

 (0.0017) (0.0024) (0.0036) 

 3,193,621 1,076,530 1,050,365 

    
OB -0.0019 -0.0033 0.0018 

 (0.0023) (0.0030) (0.0046) 

 2,450,417 802,198 839,715 

    
PD -0.0010 0.0011 -0.0062 

 (0.0020) (0.0025) (0.0045) 

 2,450,417 802,198 839,715 

    
Csect Rate 14.0% 10.7% 17.5% 

Notes: This table presents estimates of the coefficients of an indicator for whether a 

hospital has a particular EMR application installed. Standard errors are robust-

clustered at the hospital level and are presented in parentheses. Observations for each 

estimate reported under standard-errors. Each set of rows present estimates from 

separate regressions for each EMR application.  Each column presents regressions 

estimates for a given subset of hospitals. All regressions control for year and hospital 

fixed effects; comorbidities, demographics that include mother’s race/ethnicity 

categories, insurance coverage categories, quartiles of mean household income in the 

mother’s zip code, a weekend delivery indicator, and quarter of year indicators; and 

price differences measured as the difference in the mean charges within a hospital-

year for patients whose only procedure code is a C-section delivery and those whose 

only procedure code is a normal delivery. 

*** p<0.01, ** p<0.05, * p<0.1 
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Table 3: Test of Parallel Pre-Adoption Trends by Timing Group 

  (1) (2) (3) 

 CPOE OB PD 

I(AdoptionYear=2005)*year 0.0088   
 (0.0058)   

I(AdoptionYear=2006)*year 0.0037   

 (0.0035)   

I(AdoptionYear=2007)*year -0.0002 0.0030 -0.0131 

 (0.0026) (0.0072) (0.0081) 

I(AdoptionYear=2008)*year 0.0005 0.0012 0.0001 

 (0.0022) (0.0029) (0.0034) 

I(AdoptionYear=2009)*year 0.0002 0.0071*** 0.0000 

 (0.0020) (0.0020) (0.0019) 

I(AdoptionYear=2010)*year -0.0006 0.0053 0.0024 

 (0.0037) (0.0035) (0.0034) 

I(AdoptionYear=2011)*year -0.0023 0.0070** 0.0020 

 (0.0026) (0.0033) (0.0026) 

P-Value of F-test of Joint Significance 0.496 0.011 0.473 

Observations 1,910,020 635,701 1,319,401 

Notes: This table presents estimates of the coefficients of interactions between 

indicators for adoption-year timing groups and a linear year trend. The sample 

includes observations in years prior to adoption, and excludes observations from 

the first two adoption groups, since a linear trend cannot be estimated for these 

groups. Standard errors are robust-clustered at the hospital level and are presented 

in parentheses. All regressions control for year and hospital fixed effects; 

comorbidities, demographics that include mother’s race/ethnicity categories, 

insurance coverage categories, quartiles of mean household income in the mother’s 

zip code, a weekend delivery indicator, and quarter of year indicators; and price 

differences measured as the difference in the mean charges within a hospital-year 

for patients whose only procedure code is a C-section delivery and those whose 

only procedure code is a normal delivery. *** p<0.01, ** p<0.05, * p<0.1 

 

  



 

 

32 

 

 

Table 4: Effect of EMR Adoption on Patient Characteristics  

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

 White LOS Quarter 4 Weekend Medicaid Private High Income Price Diff > Age 35 Any Comorbs 

CPOE  0.0116 -0.0004 -0.0025* -0.0010 -0.0145*** 0.0118** 0.0008 1.0095 0.0047*** 0.0001 

(N=3,193,621) (0.0143) (0.0087) (0.0014) (0.0012) (0.0052) (0.0057) (0.0044) (2.7016) (0.0014) (0.0001) 

           

OB  0.0395** -0.0012 -0.0018 0.0011 0.0046 0.0012 -0.0034 1.1951 -0.0001 0.0001 

(N=2,450,417) (0.0197) (0.0067) (0.0038) (0.0014) (0.0059) (0.0058) (0.0066) (2.7638) (0.0018) (0.0002) 

           

PD  0.0263 -0.0023 -0.0037* 0.0001 -0.0070 0.0085* 0.0016 -2.1816 0.0045** 0.0002 

(N=2,450,417) (0.0177) (0.0091) (0.0019) (0.0014) (0.0055) (0.0047) (0.0063) (2.0874) (0.0019) (0.0002) 

Notes: This table presents estimates of the coefficients of an indicator for whether a hospital has a particular EMR application installed on a patient characteristic. 

Standard errors are robust-clustered at the hospital level and presented in parentheses. Each set of rows present estimates for a different EMR application. All regressions 

control for year and hospital fixed effects; demographics (other than the outcome) that include mother’s race/ethnicity categories, insurance coverage categories, quartiles 

of mean household income in the mother’s zip code, a weekend delivery indicator, and quarter of year indicators; and price differences measured as the difference in the 

mean charges within a hospital-year for patients whose only procedure code is a C-section delivery and those whose only procedure code is a normal delivery. *** 

p<0.01, ** p<0.05, * p<0.1 



 

 

33 

 

Table 5: Scheduled vs. Unscheduled C-Sections 

  (1) (2) (3) (4) 

 Scheduled Unscheduled 

Unscheduled 

with 

Induction 

Unscheduled 

without 

Induction 

CPOE (N=3,193,621) -0.0014 -0.0021 -0.0030*** -0.0005 

 (0.0010) (0.0014) (0.0010) (0.0012) 

     

OB (N=2,450,417) -0.0003 -0.0016 -0.0017* -0.0001 

 (0.0014) (0.0016) (0.0011) (0.0020) 

     

PD (N=2,450,417) -0.0003 -0.0007 -0.0009 -0.0001 

  (0.0012) (0.0014) (0.0010) (0.0016) 

Notes: This table presents estimates of the coefficients of an indicator for whether a 

hospital has a particular EMR application installed on scheduled cesarean sections and 

on unscheduled cesarean sections for the low-risk sample. Standard errors are robust-

clustered at the hospital level and are presented in parentheses. All regressions control 

for year and hospital fixed effects; comorbidities, demographics that include mother’s 

race/ethnicity categories, insurance coverage categories, quartiles of mean household 

income in the mother’s zip code, a weekend delivery indicator, and quarter of year 

indicators; and price differences measured as the difference in the mean charges 

within a hospital-year for patients whose only procedure code is a C-section delivery 

and those whose only procedure code is a normal delivery. *** p<0.01, ** p<0.05, * 

p<0.1 
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Table 6: Effect of EMR Adoption on Outcomes    

 (1) (2) (3) (4) (5) 

VARIABLES Hemorrhage Infection Laceration Operative LOS 

            

CPOE (N=3,193,616) -0.0003 -0.0018** 0.0037* -0.0000 -0.0017 

 (0.0007) (0.0008) (0.0019) (0.0001) (0.0086) 

OB (N=2,450,415) 0.0007 -0.0005 0.0023 0.0001 -0.0045 

 (0.0008) (0.0014) (0.0021) (0.0001) (0.0068) 

PD (N=2,450,415) -0.0001 -0.0002 -0.0007 -0.0001 -0.0024 

  (0.0009) (0.0009) (0.0023) (0.0001) (0.0090) 

Notes: This table presents estimates of the coefficients of an indicator for whether a hospital 

has a particular EMR application installed on patient outcomes for the low-risk sample only. 

Standard errors are robust-clustered at the hospital level and are presented in parentheses. 

All regressions control for year and hospital fixed effects; comorbidities, demographics that 

include mother’s race/ethnicity categories, insurance coverage categories, quartiles of mean 

household income in the mother’s zip code, a weekend delivery indicator, and quarter of 

year indicators; and price differences measured as the difference in the mean charges within 

a hospital-year for patients whose only procedure code is a C-section delivery and those 

whose only procedure code is a normal delivery. *** p<0.01, ** p<0.05, * p<0.1 
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