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Abstract 

I use a 2010 non-profit hospital merger in Ohio to study the effect of market concentration on market outcomes for 
obstetrics services. First, merger courts are lenient to non-profit cases and I cast doubt on this practice by showing that 
the studied merger led to a 123% increase in the average cost of giving birth. Second, the literature conjectures that 
mergers increase out-of-pocket payments (OOP) and reduce the utilization of care. I provide the first empirical 
evidence for the conjecture, demonstrating that the merger led to a 77% increase in OOP followed by a 23.8% decline 
in the utilization. Third, I show that the effect of market power on market outcomes is asymmetric: the increase in 
payments and welfare loss created by a merger persist after the merger is rescinded. Thus, even successful FTC 
challenges may not suffice to revert the effect of harmful mergers and it is essential to deny such mergers before they 
go through. 
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1  Introduction 

Of every five dollars spent in the United States (US) today, one goes to healthcare. The cost increase is largely driven 
by supply-side forces (Gaynor, Ho, & Town, 2015). Hospitals and physicians merge into larger organizations with 
higher market power and leverage it to raise payments1. It motivates the abundance of studies trying to explain how 
market power affects market outcomes. This paper adds to the literature by exploring the effect of market power on 
healthcare payments and utilization. Specifically, I study a 2010 non-profit hospital merger in Ohio to answer three 
questions: do non-profit hospitals show reservations in raising payments after they merge? are the post-merger 
payment increases passed on to patients in the form of higher out-of-pocket payments (OOP)? and is the effect of 
market power on market outcomes symmetric?  

Hospital mergers often result in higher healthcare payments and welfare losses and the effects are larger in more 
concentrated markets (Gaynor, Ho, & Town, 2015). As a result, the Federal Trade Commission (FTC) challenges 
mergers that substantially increase market concentration. Meanwhile, non-profit hospitals (non-profits) are treated 
leniently in antitrust enforcement based on the assumption that they mind their community and have reservations about 
raising payments (Capps, Carlton, & David, 2017). There is evidence against this assumption. When possible, non-
profits raise payments in the same fashion as for-profit hospitals (for-profits) (Dranove & Ludwick, 1999; Duggan, 
2000; Gaynor & Vogt, 2003). To add to this literature, I study the 2010 merger in Toledo, Ohio, between ProMedica 
Health System, Inc. (ProMedica) and St. Luke’s Hospital (SLH). Together they comprised 81% of the market share 
in inpatient obstetrics (childbirth) services, competing with Mercy Hospital as the only local rival. The FTC challenged 
the merger on January 6, 2011, and successfully rescinded it. The FTC claimed that the market is too concentrated 
and the merger enables a significant price increase. In this study, I confirm this claim: after the merger, the average 
payment for childbirth increased by $3,502 (123%) compared to a similar control group. 

It is unclear if payment increases caused by mergers are passed on to patients in the form of higher OOP. It is an 
important question. If insurers bear the entire payment increase, mergers only create transfers of wealth from insurers 
to providers with little welfare implication. But if OOP increases, it may force patients to under-utilize care and cause 
a welfare loss. Town, Wholey, Feldman, and Burns (2006) conjecture that in the long run payments are passed on to 
patients. This conjecture has remained untested as medical datasets seldom report OOP. I leverage the MarketScan 
Commercial Claims and Encounters Database2 to overcome this limitation. MarketScan is a unique proprietary panel 
data set that follows nearly 50 million privately-insured Americans over time and records their medical claims and 
payments including the details of OOP. I directly measure the effect of the merger on OOP for inpatient childbirth 
services. Two months after the merger, OOP increased by $201 (77%). Not only it confirms the conjecture of Town, 
Wholey, Feldman, and Burns (2006), but it shows that the effect is more immediate than assumed. After the merger, 
the utilization of care by patients in Toledo dropped by 23.8%. In response to the higher cost of hospitalization, patients 
are likely to have switched to birthing centers, homebirth, or postponed pregnancy. 

The FTC challenged the merger seven months after it was signed. They brought a strong case to rescind the merger 
(more in section 3) and eliminated the market power that the merger had created. I show that after the challenge the 
market did not return to its pre-merger conditions. The challenge partially reduced the payment increase and it did not 
help recover the utilization of care. It suggests that the effect of market power on market outcomes is asymmetric: 
payment increases and utilization reductions that were created by increasing market power persist even after the 
elimination of the market power. The literature doesn’t directly test this type of asymmetry. But there is evidence of 
asymmetric pricing — in the form of downward price rigidity — in retail stores, agricultural products, and the market 

 
1 In this paper, I study childbirth services and I use the term payment instead of price. Price is the amount billed for one item on a 
medical bill while payment is the total amount transacted for a childbirth case. Often tens of items with various prices are billed 
for the same case. What matters is how much it costs to give birth (payment) and not the price of each item billed.  
2 Truven Health MarketScan® Research Databases. MarketScan is a registered trademark of Truven Health Analytics, part of the 
IBM Watson Health business. 
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for gasoline: upon the variations in input prices, output prices increase more than they decrease, and market power 
intensifies the asymmetry (Bunte & Peerlings, 2003; Loy, Weiss, & Glauben, 2016). There is no similar work in 
healthcare literature. 

I use the Synthetic Control Method (SCM) as the main identification. It forms a synthetic control region that closely 
resembles Toledo before the merger. The inferences about the effect of the merger are made by comparing the actual 
and synthetic trends after the merger. As a robustness check, I also report the Difference-in-Difference (DiD) results.  

This study contributes to the literature of hospital mergers in three areas. First, it provides evidence for the conjecture 
of Town, Wholey, Feldman, and Burns (2006) that price increases are passed on to patients. I find that the effect is 
large and more immediate than what they expected. Second, the findings weaken the commonsense assumption that 
non-profit hospitals have reservations in raising payments. In the studied case, the merger largely increased payments 
and upset the utilization of care. Merger courts may need to make sure to deny harmful cases regardless of the non-
profit label. Third, I document evidence of asymmetric effects of market power on market outcomes: higher payments, 
lower utilization, and welfare losses created by gaining market power may last even after the market power is 
eliminated. It implies that even a successful FTC challenge may not suffice in reverting the effect of mergers, and 
instead, harmful mergers need to be denied before they go through. 

Besides, this study improves on the existing studies in two ways. First, lacking access to actual payment data, the 
literature often resorts to using charge or estimated prices (Capps et al., 2017; Duggan, 2000; Gaynor & Vogt, 2003). 
Having access to a unique dataset, I use actual transacted payment data. This approach is similar to Dauda (2017) and 
provides a more accurate measure of payment variations. Second, the literature often uses public insurance data from 
government sources such as Medicare, the British National Health Service, or similar national/statewide datasets 
(Cooper, Gibbons, Jones, & McGuire, 2011; Ho & Hamilton, 2000; Kemp, Kersten, & Severijnen, 2012; Kessler & 
McClellan, 2000). It is unclear if their results generalize to other populations. I use a representative sample of the 
privately-insured population in the US. My findings confirm the literature with the exception that I find larger effects. 
It is in part because the studied market is extremely concentrated. It can also be the case that privately-insured people 
are, on average, richer and better insulated from the payments. So, they are less price-elastic and hospitals use it to 
further raise the payments. 

The remainder of the paper proceeds as follows. Section 2 provides an overview of the existing literature on hospital 
mergers. Section 3 explains the background of the studied merger, why the FTC challenged it, and its timeline of 
events. Section 4 explores the two datasets. Section 5 explains the identification and motivates its use for the current 
study. Sections 6, 7, and 8, respectively cover the implementation, results, and discussions. Section 9 concludes. 

2  Non-profit Hospital Mergers and Health Outcomes 

There is a rich literature on the effect of market concentration and mergers on hospital prices, and the vast majority of 
them have two elements in common: they use the DiD and find that higher market concentration and mergers lead to 
higher prices. Granted that Gaynor, Ho, & Town (2015) do an excellent review of the general subject, below, I focus 
on the slim literature on non-profit hospital mergers. The next few paragraphs explain the commonsense reasons that 
made courts believe that non-profits merit leniency, how the narrow literature on the subject has cast doubt on those 
reasons, and where the literature stands now. 

For decades, economists deemed non-profits as agents who maximize a combination of profits and services, on the 
basis that non-profits are altruistic and only weakly driven by financial incentives. To further cement the idea, Lynk 
(1995) showed in his empirical work that not only non-profits don’t use mergers to raise prices, but they reduce prices 
by leveraging the economies of scale. This paper has primarily influenced the court decision to allow the controversial 
Butterworth/Blodgett hospital merger to go through. It was a merger between the largest general hospitals in Grand 
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Rapids, Michigan, that was believed to lead to price increases for a host of inpatient services. But the court relied on 
its non-profit nature and ruled that it may not be considered anti-competitive. 

Four years later, Dranove and Ludwick (1999) rebutted Lynk (1995). They re-examined the merger using an improved 
identification. They dealt with potential biases, addressed endogeneity, controlled for severity of illness and quality 
measures, and found that the merger led to higher prices. Later studies confirmed this conclusion. Gaynor and Vogt 
(2003) conducted a structural analysis and showed that for-profits and non-profits similarly leverage market power to 
raise prices. Capps, Carlton, & David (2017) showed that when hospitals merge and enjoy cost-savings, they expand 
their charity care and community services. But non-profits don’t expand the services beyond for-profits. It is more 
direct evidence that non-profit hospitals may not mind their community beyond their for-profit rivals. 

 

Figure 1: the location of the merging hospitals in Toledo, Ohio. The pins show ProMedica campuses and the star shows SLH. 

Duggan (2000) added to the evidence using the Disproportionate Share Program of 1989. It is a Medicaid modification 
that increased reimbursements for hospitals that served a high proportion of poor patients to promote the provision of 
care to the poor. He examined the impact of the program on the behavior of for-profit, non-profit, and public hospitals. 
The attempts to cream-skim patients began shortly after the introduction of the program. Non-profit and for-profit 
hospitals equally attempted to avoid unprofitable and attract profitable poor patients. Such behaviors were absent in 
public hospitals. They met the program goals with no visible sign of cream-skimming. It further supports that non-
profits are as responsive to financial incentives as for-profits.  

The above papers establish strong evidence that non-profits are indistinguishable from for-profits in economically 
critical aspects such as pricing and service. Despite the evidence, courts maintain their leniency to non-profit cases 
(Capps, Carlton, & David, 2017). It can dramatically undermine anti-trust enforcement because 47% of all US 
hospitals are non-profit (American Hospital Association, 2020). The issue is likely to be mitigated over time, as the 
literature and evidence grow in quality and quantity. In the next section, I go over the details of the merger between 
ProMedica and SLH, its timing of events, and why the FTC considered it anti-competitive. 
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3  An Overview of the Merger3 

ProMedica is a non-profit integrated healthcare system located in Toledo, Ohio. In 2010 and before the merger, 
ProMedica operated three hospitals in Toledo: Toledo Hospital, Flower Hospital, and Bay Park Hospital. Toledo 
Hospital was a 794-bed facility offering various primary, secondary, and tertiary-level services4 including high-level 
obstetrics services, neonatal intensive care, cardiovascular surgery, and trauma care. Flower Hospital was a 292-bed 
facility, delivering primary and secondary services, specialized in oncology. Bay Park Hospital was their smallest 
facility with 86 beds. All the hospitals offered childbirth services. ProMedica also operated a 151-bed children’s 
hospital located on the same campus as the Toledo Hospital that employed about 250 primary care physicians and 
specialists. Figure 1 shows the locations of ProMedica campuses across Toledo. Before the merger, ProMedica has 
been receiving the highest local reimbursement rates for delivering mediocre quality of care. On May 25, 2010, they 
acquired SLH: a local rival known for its high-quality and affordable services. SLH was an independent non-profit 
hospital in the vicinity of ProMedica’s campuses (Figure 1). It had 178 beds and offered general acute care, tertiary 
cardiac care, and childbirth services. Being first accessed from the southern and western interstates, SLH stood in a 
strategic location. 

Figure 2 displays the timeline of the merger. It was signed on May 25, 2010, effective September 1, 2010. In July 
2010, the FTC negotiated with the merged hospitals to enter a voluntary hold separate agreement. By signing it, 
ProMedica agreed to avoid shutting down SLH facilities or reshaping its management team before the court trials 
begin. Though, it did not prohibit price increases. The FTC challenged the merger on January 6, 2011. It was the first 
court trial of the case. The FTC claimed that the merger violated Section 7 of the Clayton Act, as it reduced local 
competition and boosted the prices for general acute-care and inpatient obstetrics services. 

 
Figure 2: the timeline of the merger between ProMedica and SLH5. 

The Herfindahl-Hirschman Index (HHI) estimates support the FTC’s claims. According to the Department of Justice 
documents, a merger is highly concerning if it increases the HHI by more than 200 units and the post-merger HHI 
exceeds 2,500. The main competitors in the market for childbirth services included ProMedica, SLH, and Mercy 
Health Partners with the following respective market shares: 71.2%, 9.3%, and 19.5%. It implies that the merger 

 
3 Any statement in this section that is not explicitly cited is based on the official documents of the Federal Trade Commission’s 
lawsuit against ProMedica-SLH merger (FTC, 2017). 
4 Primary, secondary, and tertiary services refer to the level of referral that is required before a patient receives a particular medical 
service. Primary care physicians may refer patients to secondary care (specialists) and they might further refer them to tertiary care. 
Tertiary care is often more advanced, complicated, and costly. 
5 Figure created on OfficeTimeLine.com. 
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increased the HHI by 1,322 units reaching 6,853. 

ProMedica argued that SLH is a weakened rival who did not impact the local competition. Based on the market shares, 
this statement is unlikely to be true. Also, ProMedica’s internal strategic planning documents stated that the merger 
had “great potential for higher hospital rates” and it “may not be the best thing for the community in the long run.” 
Shortly after the merger’s effective date, ProMedica re-negotiated two of SLH’s contracts with insurers and boosted 
the prices6. 

The court documents provide insights into the channels of effect between the merger and local hospital rates. 
Representatives from an insurance company that had been working with both hospitals prior to the merger testified 
that the rates have been 40-55% lower for SLH than ProMedica and they had been using the low rates of SLH as a 
benchmark in negotiations to limit ProMedica’s already-high rates. The merger would effectively lift the limit. Further, 
it would eliminate the insurer’s option to exclude ProMedica from their network should the negotiations fail. They 
disclosed that ProMedica has already “presented [them] with a proposal to increase SLH’s rates to those received by” 
ProMedica’s other campuses. Last, it paves the road for the only remaining rival, Mercy Hospital, to demand higher 
rates. The above reasons combine to explain how a single merger in an extremely concentrated market can lead to 
substantially higher rates throughout the market. 

On February 11, 2011, the court set a preliminary injunction that required SLH to operate independently for the 
duration of the proceedings. It did not impose price restrictions. On January 5, 2012, the court voted 4-0 against the 
merger and ordered the sales of SLH to an FTC-approved buyer. ProMedica appealed the court’s order. The appeals 
court upheld the initial decision in a 5-0 vote. After failing in six rounds of appeal courts, ProMedica appealed to the 
supreme court. In May 2015 and when the supreme court denied hearing the case, ProMedica conceded and the 
divestiture initiated (Healthcare, 2016). 

4  Data 

I use two datasets to study the merger, namely, MarketScan data provided by Truven Health, and the US Census data. 
MarketScan is a panel data set that represents the privately-insured urban population in the US and follows nearly 50 
million individuals every year. The data are at the claims level, span over 2010-2011, and separately report OOP and 
insurer payments, diagnosis codes, geographic information, and insurance plan type. I use ICD-9-CM codes to identify 
mothers (patients) admitted to a hospital to give birth. The data distinguish natural delivery and C-Section cases and 
determine whether it is a single, twin, or multiple-birth case. 

Patients receive a large array of medical services during their hospital stay. I aggregate the transactions to obtain 
payments per stay. Since SCM takes one treated unit (more in section 5) I aggregate the data at the Metropolitan 
Statistical Area (MSA) level for each month. To avoid aggregations using small samples, I keep MSAs that have at 
least five observations every month. 146 MSAs meet this condition: one treated and 145 controls. The net sample 
contains 3,504 MSA-month observations using the data of 335,723 unique individuals. On average a childbirth case 
costs the insurer $4,666, the patient $335, or in total, $5,001. Most of the patients are on a Preferred-Provider 
Organizations (PPO) or a Health Maintenance Organization (HMO) plan. MarketScan data also provides insights into 
the percentage of plan enrollees who are union members, paid hourly as opposed to monthly, COBRA eligible7, 
working part-time, and using healthcare out of their insurer network. 

I use the US Census data to include socioeconomic factors including household income, unemployment rate, 
percentage below the poverty line, population, age, race, ethnicity, marital status, and education. The data is annually 

 
6 The court documents do not disclose the exact timing of the negotiations. 
7 The Consolidated Omnibus Budget Reconciliation Act of 1985 or COBRA allows individuals to continue insurance coverage 
after leaving employment. 
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reported at the county level. I interpolate the monthly data for January 2010 through December 2011 and aggregate it 
to the MSA level using county populations as weights8. Table 1 provides the summary statistics at the MSA-month 
level. 

Table 1: the summary statistics. The values are reported at the MSA-month level. 

Variables Obs Mean SD Min Median Max 
Dependent variables (MarketScan data) 

OOP ($) 3504 346.97 269.29 0.00 329.00 12,528.31 
Insurer payment ($) 3504 5,092.83 5,079.90 296.98 3,686.31 56,517.72 
Utilization 3504 62.84 77.55 5.00 32.00 575.00 
Hospital revenues ($1,000) 3504 338.05 1,404.35 0.00 61.97 28,109.41 

Explanatory variables from MarketScan data 
Working part-time (%) 3504 2.27 3.99 0.00 0.00 41.67 
Union member (%) 3504 14.17 16.18 0.00 8.70 87.50 
Hourly paid (%) 3504 25.77 15.54 0.00 24.14 88.24 
COBRA continuation coverage (%) 3504 0.86 1.83 0.00 0.00 16.67 
Enrollees on an HMO plan (%) 3504 14.49 16.04 0.00 9.26 90.32 
Enrollees on a PPO plan (%) 3504 62.32 20.08 0.00 63.84 100.00 
Enrollees on a CDHP plan (%) 3504 6.06 7.27 0.00 4.03 50.00 
Out-of-network (%) 3504 4.45 11.43 0.00 0.00 83.33 
C-Section expenditures (%) 3504 36.92 11.05 0.00 36.84 83.33 
Twin/multiple birth (%) 3504 3.13 4.00 0.00 2.05 40.00 

Explanatory variables from the census data 
Median household income ($1,000) 3504 55.23 11.05 31.63 53.34 93.77 
Median female worker salary ($1,000) 3504 37.44 5.86 22.51 36.02 56.93 
Unemployment rate (%) 3504 5.36 1.01 2.72 5.25 10.50 
Below the poverty line (%) 3504 9.75 3.18 3.57 9.63 31.00 
Population ($1,000) 3504 1,403.75 1,617.32 146.09 813.94 11,556.10 
Median age 3504 36.76 3.21 24.35 36.76 49.18 
Black (%) 3504 13.08 10.19 0.46 10.29 47.68 
Hispanic/Latino (%) 3504 13.21 14.11 1.14 8.63 90.50 
Married (%) 3504 50.29 3.58 38.95 50.25 60.56 
Female (%) 3504 51.05 0.68 48.69 51.19 52.40 
Women with some college education or higher (%) 3504 46.74 4.88 30.39 46.21 63.97 
Women with a college degree or higher (%) 3504 11.41 3.90 4.13 10.86 25.29 

5  The Synthetic Control Method 

To estimate the effect of the treatment (the merger and challenge) on the market outcomes (payment for and the 
utilization of care) I employ the SCM. It forms a weighted average of the existing control regions as the “synthetic 
control” that closely resembles Toledo, pre-treatment. Then it projects the synthetic trend for the post-treatment period 
and measures the gap between the synthetic control and the actual trend in Toledo as the treatment effect. The idea is 
that if the treatment is inconsequential, then the synthetic control should continue resembling Toledo after the 
treatment. Its failure to do so indicates that the treatment has been effective. 

Out of the 145 available control MSAs, SCM picked 9 to 16 MSAs that yield the best fit and discarded the rest. It 
comprises some MSAs that neighbor Toledo, including Canton-Massillon (OH), Youngstown-Warren-Boardman 
(OH-PA), and Detroit-Livonia-Dearborn (MI) as well as farther MSAs such as Buffalo-Niagara Falls (NY), Athens-
Clarke County (GA), and Youngstown-Warren-Boardman (OH-PA). Section 7 elaborates on the control MSAs and 

 
8 According to the census data documentation, each year’s data are surveyed uniformly throughout the year. So, if annual data are 
to be assigned to a specific point in time, it must be the middle of the year. That said, I use annual data 2009-12 to interpolate the 
monthly values for January 2010 through December 2011: annual data 2009-10 to interpolate January-June 2010, annual data 2010-
11 for July 2010 through June 2011, and annual data 2011-12 for July-December 2011. 
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their weights.   

I present the general framework of SCM below (Abadie, Diamond, & Hainmueller, 2010; Abadie & Gardeazabal, 
2003). Suppose there is a panel data with 𝑇𝑇 time periods — 𝑇𝑇0 pre-treatment and 𝑇𝑇1 post-treatment periods. Vector 
𝑋𝑋1(𝐾𝐾×1) contains the pre-treatment averages of 𝐾𝐾 predictors for the treated region and matrix 𝑋𝑋0(𝐾𝐾×𝐽𝐽) contains the 
averages of the same 𝐾𝐾 predictors for 𝐽𝐽 control regions9. SCM uses a two-stage optimization where region weights 
vector 𝑊𝑊(𝐽𝐽×1)  and variable weights diagonal matrix 𝑉𝑉(𝐾𝐾×𝐾𝐾)  are chosen to minimize the pre-treatment distance 
between the treated region and the synthetic control. In the first step, 𝑊𝑊 is chosen to minimize (𝑋𝑋1 − 𝑋𝑋0𝑊𝑊)′𝑉𝑉(𝑋𝑋1 −
𝑋𝑋0𝑊𝑊), subject to all entries of 𝑊𝑊 being non-negative and sum to one. At this stage, 𝑉𝑉 is treated as a matrix of 
parameters and so the optimum 𝑊𝑊  is found as a function of 𝑉𝑉  denoted as 𝑊𝑊∗(𝑉𝑉) . The second stage of the 
optimization uses the values of the dependent variable, namely, 𝑌𝑌1(𝑇𝑇0×1) and 𝑌𝑌0(𝑇𝑇0×𝐽𝐽) containing the pre-treatment 

values of the dependent variable for the treated region and the 𝐽𝐽 control regions, respectively. 𝑊𝑊∗(𝑉𝑉) is inserted in 
the second stage where 𝑉𝑉 is chosen to minimize (𝑌𝑌1 − 𝑌𝑌0𝑊𝑊∗(𝑉𝑉))′(𝑌𝑌1 − 𝑌𝑌0𝑊𝑊∗(𝑉𝑉)). It solves for 𝑉𝑉∗ and thus for 
𝑊𝑊∗(𝑉𝑉∗). The synthetic control values (𝑌𝑌1∗) are defined as 

 𝑌𝑌1∗ = 𝑌𝑌0𝑊𝑊∗ (1) 

The average post-treatment difference between 𝑌𝑌1 and 𝑌𝑌1∗ (the gap) yields the magnitude of the treatment effect. To 
find its statistical significance, I run a set of 𝐽𝐽 placebo tests (Abadie, Diamond, & Hainmueller, 2010): I apply SCM 
to each of the 𝐽𝐽 control MSAs and store the results as the placebo effects. Assuming that the treatment effect does not 
spill over to control MSAs, the placebo effects are random noises around zero. To show that the treatment effect is 
more than random noise, it must be systematically distinguished from the placebo effects. Formally, the treatment is 
statistically significant if one can reject the null hypothesis that the treatment effect belongs to the distribution of the 
placebo effects. 

For normally-distributed values, a t-test or F-test is enough to evaluate the above hypothesis. But the treatment and 
placebo effects in this study have large outliers and the null hypothesis of normality is overwhelmingly rejected. So, 
I use the Wilcoxon test, instead. It is a well-known non-parametric alternative to the t-test and F-test. It pools and 
ranks all treatment and placebo effects. Then finds the mean rank of treatment as well as the mean rank of placebo 
effects. The null hypothesis is the equality of the mean ranks. The p-value of the test measures the significance of the 
treatment effect. The next section details the implementation of SCM for the current study. 

6  Implementation 

There are two key events in the timeline of the merger: the signing date (May 25, 2010) and the challenge date (January 
6, 2011). Signing the merger relaxes the competition between ProMedica and SLH, enhances market power and allows 
them to raise the payments. The challenge may reduce the payments for two reasons. First, the merged hospitals would 
have a hard time defending their case in the court if the evidence of payment increase is already there. They may 
moderate their post-merger conduct and lower the payments proactively to mitigate antitrust enforcement (FTC, 2010). 
Second, if the merger raises the payments by increasing the market power, then the challenge can reduce the payments 
by weakening it.  

I test four hypotheses. H1: post-merger, the hospitals gain more market power and use it to raise payments, leading to 
higher OOP. It tests whether higher payments are passed on to patients after the merger and how fast it takes place. 
H2: post-merger, insurer payments increase. Hypotheses 1 and 2 combine to explain whether non-profit hospitals use 
mergers to raise payments. H3: the utilization of care declines post-merger. It speaks to the welfare loss caused by the 

 
9 The literature uses simple averages and this paper follows the same practice. Though the original model works with weighted 
averages as well. 
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merger. H4: post-challenge, the payments and utilization of care revert to pre-merger values. The exact timing of the 
effect of the challenge depends on the underlying reason. If the hospitals lower the payments in anticipation of the 
challenge, the payments should fall in December 2010 or earlier. If the payments decline after the court decision, it 
should appear in January 2010 or later. If the payments or utilization do not fully revert to pre-merger rates, it provides 
evidence for the asymmetry of the effect of market power on market outcomes. 

For notation simplicity, I split the observed period into three intervals: the pre-merger spans from January to May 
2010, the post-merger covers July to November 2010 and refers to the time between the merger and challenge, and 
the post-challenge refers to February to December 2011. I exclude June 2010 from the post-merger because the merger 
may or may not impact it. Similarly, December 2010 and January 2011 are not in the post-merger nor post-challenge 
because depending on the timing of the hospitals’ response to the challenge, these months may belong to either of 
them. To curb the influence of outliers in payments, I winsorize the top 1% costliest cases, i.e., I substitute the 99th 
percentile for all payments above it. I do it within each month to make sure costlier months are not winsorized more 
than others. 

To form the synthetic trend, SCM relies on explanatory variables that predict the temporal and spatial variations in 
the dependent variables. Table 1 lists the 22 explanatory variables used in the study. The combination of 10 
explanatory variables from MarketScan data and 12 from the census data cover a wide range of socioeconomic and 
childbirth characteristics. Following Abadie, Diamond, & Hainmueller (2010), I include 1-period and 3-period lags 
of the dependent variable among the predictors. 

The statistical inference is based on 5 pre-merger, 5 post-merger, and 11 post-challenge periods of observations. It 
relies on the assumption that all the post-merger months follow the same distribution and all the post-challenge months 
follow the same distribution. While the main results use the assumption, appendix A provides the results in the absence 
of this assumption.  

This study focuses on the market for childbirth because it is where the FTC has raised the most concerns based on 
convincing reasons. Childbirth is the only service category for which the merger created a duopoly. In the pool of 
highly concentrated markets, mergers enable exponentially larger price increases and welfare losses when they create 
a duopoly or monopoly (Alpanda, 2019). Further, in the court documents, the FTC relied on the high market shares 
of the merging hospitals in childbirth (71.2% and 9.3%) to show the potential harm. Outside childbirth, the FTC only 
provided that the market share of ProMedica in general acute care10 is 50%, and they did not specify the market share 
of SLH, perhaps, because it was not large enough to prove harm. Based on the available information, childbirth is the 
only service category that was provided by all campuses of ProMedica and SLH. So, if the merger enables higher 
market power, in childbirth it can be leveraged across all campuses. The next section provides the results. 

7  Results 

This section is split into two subsections. Subsection 7.1 uses SCM to deliver the baseline results and discusses the 
main findings. In subsection 7.2, I revisit the merger using the conventional DiD technique and compare it to the SCM 
results. The DiD relies on the parallel trends assumption which does not hold in this study. So, the DiD results should 
be read with skepticism. Nonetheless, the DiD is vastly used in the literature and presenting its results would help the 
reader make the connection. 

7.1  Main results 

Figure 3 and Table 2 combine to demonstrate the effect of the merger and challenge on OOP, insurer payments, 

 
10 General acute care includes all hospital services except chronic and long-term care. 
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utilization, and hospital revenues. Figure 3 shows the variations over time and the magnitudes of effects and Table 2 
provides the corresponding hypothesis test results. In Figure 3, panel A depicts the OOP trend in Toledo including the 
actual trend (the solid line) and the synthetic control (the dashed line). The vertical dashed lines indicate the time the 
merger is signed and challenged. The horizontal axis shows the months, spanning from January 2010 through 
December 2011. The vertical axis presents payments in US dollars. Panel B shows the trend of insurer payments with 
similar descriptions. Panels A and B combine to show the effect of the merger and challenge on payments. Panel C 
shows the utilization of childbirth services. The vertical axis measures the number of childbirth cases per month. Panel 
D presents total hospital revenues. It is measured in thousands of US dollars. 

Panels A-D in Table 2 report the Wilcoxon test results for panels A-D in Figure 3, respectively. Six null hypotheses 
are tested in each panel. Tests A1-A6 refer to OOP. A1: the post-merger mean ranks for the treatment and placebo 
effects are equal. A2: the post-challenge mean ranks for the treatment and placebo effects are equal. A3: the mean 
ranks for the treatment and placebo effects are equal over July 2010 through December 2011. A1-A3 compare Toledo 
to the control MSAs and use all MSA-month observations, yielding 730, 1,606, and 2,628 observations in A1-A3, 
respectively. 

 

Figure 3: The actual (solid) and synthetic (dashed) trends in Toledo. Respectively, Panels A-D show the trends of OOP, insurer 
payments, utilization, and total hospital revenues. 

Tests A4-A6 study temporal variations in Toledo. They only use the observations in the treated region, yielding 10, 
16, and 16 observations, respectively. A4: in Toledo, the post-merger and pre-merger mean ranks are equal. A5: in 
Toledo, the post-challenge and pre-merger mean ranks are equal. And A6: in Toledo, the post-challenge and post-
merger mean ranks are equal. B1-B6 are identical to A1-A6 except they refer to insurer payments. C1-C6 do the same 
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tests for the utilization of care, and D1-D6 repeat the tests for hospital revenues. 

To clarify the process that generates the numbers in Table 2, consider test A1. There are 5 post-merger months, 
yielding 5 and 725 post-merger observations for Toledo and 145 placebo MSAs, respectively. The test ranks the 730 
observations, labeling them with values 1 through 730. Then it finds the mean rank for the 5 treatment observations 
(655.8) as well as the mean rank of the 725 placebo observations (363.5). If the mean ranks are sufficiently different, 
the null hypothesis of the equality of the mean ranks is rejected. The p-value of this test is used for statistical inference. 

In panel A (Figure 3) the pre-merger synthetic trend closely mimics the actual. In July 2010, the actual trend rises 
above the synthetic and maintains the gap. The average post-merger treatment effect (the gap between the trends) is 
$201 and according to test A1 in Table 2 it is statistically significant (p-value=0.0020). A4 confirms that in the treated 
MSA, the post-merger OOP is significantly higher than the pre-merger values (p-value=0.0090). 

Table 2: the Wilcoxon test results. Panels A-D present the test results for OOP, insurer payments, utilization, and hospital 
revenues, respectively. Six hypothesis tests are reported in each panel. *** p<0.01, ** p<0.05, * p<0.1. 

Time interval Control MSAs Toledo  
  Obs.   Mean rank   Obs.   Mean rank   P-value  

Panel A: OOP 
A1: post-merger   725   363.5   5   655.8   0.0020***  
A2: post-challenge   1,595   800.9   11   1,173.5   0.0079***  
A3: Jul 2010-Dec 2011   2,610   1,309.8   18   1995.0   0.0001***  
A4: pre-merger vs post-merger   5   3.0   5   8.0   0.0090***  
A5: pre-merger vs post-challenge   5   4.0   11   10.5   0.0108**  
A6: post-merger vs post-challenge   5   12.8   11   6.5   0.0149**  

Panel B: insurer payments 
B1: post-merger   725  364.4   5   527.2   0.0853*  
B2: post-challenge   1,595  802.98   11   878.5   0.5902  
B3: Jul 2010-Dec 2011   2,610  1,312.0   18   1,673.3   0.0441**  
B4: pre-merger vs post-merger   5   5.0   5   6.0   0.6015  
B5: pre-merger vs post-challenge   5   9.0   11   8.3   0.7770  
B6: post-merger vs post-challenge   5   10.4   11   7.6   0.2818  

Panel C: utilization 
C1: post-merger   725  366.77   5   190.0   0.0618*  
C2: post-challenge   1,595  805.8   11   469.2  0.0164**  
C3: Jul 2010-Dec 2011   2,610  1,318.5   18   736.8   0.0012***  
C4: pre-merger vs post-merger   5   8 .0  5   3.0   0.0090***  
C5: pre-merger vs post-challenge   5   14.0   11   6.0   0.0018***  
C6: post-merger vs post-challenge   5   9.8   11   7.9   0.4615  

Panel D: hospital revenues 
D1: post-merger   725  364.4   5   531.2   0.0778*  
D2: post-challenge   1,595  803.0   11   877.5   0.5952  
D3: Jul 2010-Dec 2011   2,610  1,312.0   18   1,672.8   0.0444**  
D4: pre-merger vs post-merger   5   5.0   5   6.0   0.6015 
D5: pre-merger vs post-challenge   5   9.0   11   8.3   0.7770 
D6: post-merger vs post-challenge   5   10.4   11   7.6   0.2818 

Post-challenge, the actual trend continues to stay above the synthetic. The average gap is $90 and it is statistically 
significant (A2). The post-challenge values are significantly greater than the pre-merger and less than the post-merger 
values (A5 and A6). So, the challenge significantly lowers the payments but does not eliminate the effect of the merger 
on OOP. 

In a footnote on page 31 of the complaint counsel's public pre-trial brief, the FTC claims that “soon after the 
Acquisition was consummated, ProMedica … renegotiated two of St. Luke's contracts with health plans that include 
rate increases. These rate increases, though substantial, were negotiated under the spotlight of the current legal 
proceedings … and so do not represent the full exercise of ProMedica's market power.” Even though the exact timing 
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of the re-negotiations is not disclosed, panel B provides empirical evidence for the above statement. After September 
2010, the actual trend stays persistently above the synthetic. The average post-merger treatment effect is $3,301 and 
it is statistically significant (B1).  

There is a large hike in the actual trend in April 2011. It is an outlier that resulted from an unusually high number of 
multiple-birth cases11. The post-challenge treatment effect in panel B is $453 and it is not statistically significant (B2). 
This number reduces to -$485 if April 2011 is excluded. The court documents reveal that the FTC brought a strong 
case that won a 4-0 vote in the initial court, followed by another 5-0 victory in the first appeals court. The challenge 
weakened the hospitals’ leverage against insurers and insurers used it to revert the payments. 

The merger raised the payments and it quickly affected OOP. Panel C shows that it has discouraged the utilization of 
care. There is a sharp 23.8% post-merger decline in the utilization compared to the synthetic that is statistically 
significant (C1). Post-challenge, the utilization further declined to 25.1% below the synthetic and it is also significant 
(C2). So, the merger has upset the utilization of care and the challenge has failed to revive it. Although childbirth is 
seasonal (CDC, 2020), seasonality cannot explain the decline in utilization. The first reason is that birth seasonality 
cycles annually, but the decline has persisted for at least 18 months. Second, seasonality would similarly impact 
Toledo and control MSAs, and thus, it cannot press the actual trend below the synthetic. Nonetheless, Appendix C 
shows the trends for utilization after accounting for seasonality and the number of days in the month. 

 

Figure 4: the location of MSAs across the US. Toledo is marked with black. Control MSAs are shaded and those with higher 

 
11 The probability of an Ohioan patient giving birth to multiple babies is 3.56% and this number has been stable over the past 
decade (Statista, 2018). In MarketScan data, this probability is 2.21% in Toledo. Four of the 20 cases in April 2011 are multiple 
birth. The probability of having an observation as extreme is less than 0.005. Multiple-birth cases are more complicated and far 
more expensive than single-birth cases. It explains the hike in April 2011. Note that there are no multiple-birth cases in the post-
merger period. Also, multiple-birth cases are unlikely to influence the trend in panel A because childbirth cases easily exceed the 
out-of-pocket maximum, and patients are insulated from the remaining variations in payments. 
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weights have darker colors. 

Hospital revenues depend on payments and utilization of care. Given the increase in payments and the decrease in 
utilization, the effect on hospital revenues is ambiguous. Although it is not among the main hypotheses to test, I use 
panel D to discuss the effect of the merger and challenge on hospital revenues. Panel D is similar to panel B because 
insurer payments comprise 93% of hospital revenues. Post-merger, hospital revenues increase by $57,55012 or 90% 
and it is statistically significant (D1). Post-challenge, the actual hospital revenues are $11,365 above the synthetic and 
the gap is not statistically significant (D2). So, hospitals enjoy higher revenues post-merger, but the challenge makes 
the actual revenues indistinguishable from the synthetic. 

Although hospital revenues converge to the synthetic, the hospitals are most likely making higher profits post-merger 
and post-challenge. From the standpoint of hospitals, a large proportion of childbirth costs are variable because it 
involves expensive medical staff — obstetricians, pediatricians, anesthesiologists, audiologists, nursing practitioners, 
etc. — who are compensated in proportion to the utilization of care. So, the utilization decline reduces the hospitals’ 
variable costs by 23.8-25.1%, and it is likely that the hospitals are making higher profits post-merger, post-challenge, 
and perhaps thereafter. 

Figure 4 shows the distribution of control MSAs across the US. Table 3 lists MSAs that receive a positive weight in 
at least one of the SCM models. Columns 2-4 report the weights corresponding to panels A-C, respectively. The 
weights represent the relative contribution of each MSA to the results.  

Table 3: the MSA weights used for each dependent variable. MSAs without a positive weight are not reported. The values for 
some MSAs are masked by asterisks for confidentiality. 

 MSA   OOP   Insurer payment   Utilization 
Albany-Schenectady-Troy, NY 0.055 0 0 
Amarillo, TX * * * 
Ann Arbor, MI * * * 
Athens-Clarke County, GA 0.074 0 0.14 
Augusta-Richmond County, GA-SC * * * 
Baton Rouge, LA * * * 
Buffalo-Niagara Falls, NY * * * 
Canton-Massillon, OH 0.09 0 0.176 
Cleveland-Elyria-Mentor, OH 0 0.055 0 
Columbia, SC * * * 
Dayton, OH 0 0 0.116 
Deltona-Daytona Beach-Ormond Beach, FL 0 0.16 0 
Denver-Aurora-Broomfield, CO * * * 
Detroit-Livonia-Dearborn, MI 0.138 0 0.023 
El Paso, TX * * * 
Evansville, IN-KY 0.232 0 0 
Fayetteville, NC * * * 
Flint, MI 0.128 0.014 0.158 
Holland-Grand Haven, MI * * * 
Kalamazoo-Portage, MI 0.077 0 0.03 
Lafayette, IN * * * 
McAllen-Edinburg-Mission, TX 0.002 0 0 
New Orleans-Metairie-Kenner, LA 0 0 0.157 
Providence-New Bedford-Fall River, RI-MA 0 0 0.069 
Provo-Orem, UT * * * 
Salem, OR * * * 
Spokane, WA 0.07 0 0 
Wichita, KS * * * 
Youngstown-Warren-Boardman, OH-PA 0.041 0.302 0.011 

 
12 It is the increase in hospital revenues that is observed in MarketScan data. Since the data only captures a fraction of the market, 
the actual effect is expected to be substantially larger. In section 9, the overall market effects are estimated. 
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Total   1.000   1.000   1.000  

Darker colors in Figure 4 indicate higher weights. Based on the figure, MSAs closer to Toledo are more likely to be 
picked by SCM and they are likely to have higher weights. Defining MSAs in Ohio and Michigan as Toledo neighbors, 
Table 3 reveals that on average for the three models, SCM assigns 53.1% of the weights to the neighbors, including 
Canton-Massillon, Cleveland-Elyria-Mentor, Dayton, and Youngstown-Warren-Boardman in Ohio and Ann Arbor, 
Detroit-Livonia-Dearborn, Flint, Holland-Grand Haven, and Kalamazoo-Portage in Michigan. The remaining 46.9% 
weight is split among farther MSAs, the largest weights being given to Athens-Clarke County (GA), Buffalo-Niagara 
Falls (NY), Deltona-Daytona Beach-Ormond Beach (FL), Evansville (IN-KY), and New Orleans-Metairie-Kenner 
(LA). In subsection 7.2 and after the introduction of the DiD results, I revisit Table 3 to compare the choice of control 
MSAs in SCM and DiD. 

7.2 Alternative specification: Difference-in-Difference 

This subsection uses the DiD to test the robustness of the results to an alternative specification. Furthermore, readers 
who prefer the conventional DiD technique might use this subsection to make the connection. Identical to the SCM 
specification, Toledo MSA is the treated MSA in the DiD. To choose the control MSAs, I take vicinity as a proxy for 
similarity. Toledo is located in Northern Ohio and shares borders with Michigan. So, the control group comprises all 
MSAs in Northern Ohio and Southern Michigan, including Akron (OH), Canton-Massillon (OH), Cleveland-Elyria-
Mentor (OH), Columbus (OH), Dayton (OH), Youngstown-Warren-Boardman (OH-PA), Cincinnati-Middletown 
(OH-KY-IN), Ann Arbor (MI), Detroit-Livonia-Dearborn (MI), Flint (MI), Grand Rapids-Wyoming (MI), Holland-
Grand Haven (MI), Kalamazoo-Portage (MI), Lansing-East Lansing (MI), Monroe (MI), Niles-Benton Harbor (MI), 
and Warren-Troy-Farmington Hills (MI). Figure 5 shows the location of the control MSAs around Toledo. There are 
multiple regions in the vicinity of Toledo that are not included as controls because they have a low population and do 
not qualify as MSAs.  
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Figure 5: the location of the DiD control MSAs around Toledo. 

To assess the parallel trends assumption, Figure 6 demonstrates the event study results. Panel A, compares the actual 
trend of average monthly OOP in Toledo (solid line) to the control MSAs (dashed line). Panels B-D provide the same 
comparison for insurer payments, utilization of care, and hospital revenues. Although the parallel trends assumption 
is likely to be met in panel C and partially in B, it is visibly violated in panels A and D.  

Table 4: statistical test results for the parallel trends assumption. 

Month OOP Insurer payment Utilization Hospital revenues 
February 2010 -1.05 0.67 0.46 2.81 
March 2010 2.18 1.39 3.48 -1.90 
April 2010 1.00 1.38 1.39 1.23 
May 2010 4.48 1.84 0.47 -1.71 

To quantitatively test for the validity of the parallel trends assumption, I included in the DiD regression the interaction 
of a treatment binary – equal to one for Toledo and zero for the controls – with binaries for months. The null hypothesis 
is that the parallel trends assumption holds in each pre-merger month. The p-values are reported in Table 4. January 
2010 is the omitted month. Using a 95% confidence level, the parallel trends assumption is rejected in March and May 
for OOP, in March for utilization, and in February for hospital revenues. Since the parallel trends assumption is not 
fully satisfied, the DiD may not be appropriate to be used as the main specification. Nonetheless, the DiD results 
exhibit the robustness of the SCM findings to an alternative approach.  

I do the DiD study at the MSA-month level to be able to run it not just for OOP and insurer payments, but for the 
utilization of care and hospital revenues. The DiD specification is shown below.  

 𝐿𝐿𝐿𝐿𝑆𝑆𝑖𝑖𝑖𝑖 = 𝛽𝛽1𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑇𝑇𝑇𝑇𝑖𝑖 + 𝛽𝛽2𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 𝐶𝐶ℎ𝑎𝑎𝑇𝑇𝑇𝑇𝑇𝑇𝑆𝑆𝑆𝑆𝑇𝑇𝑇𝑇𝑖𝑖 + 𝛼𝛼 + 𝛾𝛾3𝑋𝑋𝑖𝑖𝑖𝑖 + 𝜖𝜖𝑖𝑖𝑖𝑖 
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𝐿𝐿𝐿𝐿𝑆𝑆𝑖𝑖𝑖𝑖  represents the left-hand side variables including OOP, insurer payments, utilization, and hospital revenues in 
MSA 𝑆𝑆 and month 𝑡𝑡. 𝑇𝑇𝑇𝑇𝑇𝑇𝑎𝑎𝑡𝑡𝑇𝑇𝑇𝑇𝑖𝑖 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑇𝑇𝑇𝑇𝑖𝑖 and 𝑇𝑇𝑇𝑇𝑇𝑇𝑎𝑎𝑡𝑡𝑇𝑇𝑇𝑇𝑖𝑖 × 𝐶𝐶ℎ𝑎𝑎𝑇𝑇𝑇𝑇𝑇𝑇𝑆𝑆𝑆𝑆𝑇𝑇𝑇𝑇𝑖𝑖 are the interaction terms measuring the 
treatment effect of signing and challenging the merger, respectively. 𝛼𝛼 is the intercept, 𝑋𝑋𝑖𝑖𝑖𝑖 includes the MSA-level 
controls that are listed in Table 5. 𝜖𝜖𝑖𝑖𝑖𝑖 is the error term. The standard errors are clustered at the MSA level. 

 

Figure 6: the event study of the treated MSA. The solid (dashed) lines in panels A-D show the treated (control) trend of average 
monthly OOP, insurer payments, utilization of care, and hospital revenues, respectively. 

Table 6 provides the DiD regression results. The dependent variables in columns 1-4 are OOP, insurer payments, 
utilization of care, and hospital revenues, respectively. After the merger is signed, OOP in the treated MSA increased 
by $129. Then it fell by $102 after the challenge. Both effects are statistically significant at the 1% level. Turning to 
column 2, there is a $4,617 post-merger increase in insurer payments, followed by a $2,133 post-challenge decrease. 
Both effects are statistically significant. Overall, for OOP and insurer payments, the DiD results are in line with the 
SCM in showing that the merger (challenge) significantly increased (decreased) payments. Column 3 shows an 
insignificant 3.48 units post-merger decline in the utilization of care that falls further after the challenge. Column 4 
shows a significant post-merger decline in hospital revenues that is unscathed by the challenge. Overall, the DiD 
results are reasonably close to the SCM findings, although its statistical power is lower. 

Table 5: the summary statistics for the DiD study. The data are reported at the MSA-month level. 

Variables Obs Mean SD Min Median Max 
Dependent variables (MarketScan data) 

OOP ($) 432 257.57 155.74 0.00 230.03 947.65 
Insurer payment ($) 432 3,865.58 3,900.88 694.56 2,959.23 37,824.64 
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Utilization 432 54.14 60.39 5.00 27.00 272.00 
Hospital revenues ($1,000) 432 203.86 504.06 0.00 60.68 4,605.90 

Explanatory variables from MarketScan data 
Working part-time (%) 432 3.90 5.91 0.00 1.73 37.50 
Union member (%) 432 35.11 20.85 0.00 30.77 87.50 
Hourly paid (%) 432 24.53 13.16 0.00 23.50 80.00 
COBRA continuation coverage (%) 432 0.60 1.41 0.00 0.00 8.33 
Enrollees on an HMO plan (%) 432 18.98 20.46 0.00 13.27 90.32 
Enrollees on a PPO plan (%) 432 63.04 19.85 8.06 65.45 100.00 
Enrollees on a CDHP plan (%) 432 9.21 7.70 0.00 8.41 50.00 
Out-of-network (%) 432 23.65 23.95 0.00 14.81 83.33 
C-Section expenditures (%) 432 34.11 11.05 0.00 33.33 70.59 
Twin/multiple birth (%) 432 2.68 3.75 0.00 1.07 25.00 

Explanatory variables from the census data 
Median household income ($1,000) 432 49.52 5.86 41.25 48.96 61.05 
Median female worker salary ($1,000) 432 36.32 3.30 30.47 35.97 44.62 
Unemployment rate (%) 432 6.54 1.27 4.77 6.21 10.50 
Below the poverty line (%) 432 10.36 2.74 4.72 10.34 18.35 
Population ($1,000) 432 912.56 751.59 152.18 612.72 2,479.47 
Median age 432 37.55 2.67 32.80 37.40 42.66 
Black (%) 432 12.87 8.39 1.12 12.00 41.13 
Hispanic/Latino (%) 432 4.08 2.00 1.40 3.63 8.65 
Married (%) 432 49.76 4.28 38.95 49.29 58.92 
Female (%) 432 51.25 0.45 50.45 51.30 52.00 
Women with some college education or higher (%) 432 49.65 6.33 39.51 48.27 63.60 
Women with a college degree or higher (%) 432 10.33 3.19 5.12 9.96 19.80 

I revisit Table 3 to compare the choice of control MSAs in SCM and DiD. There are 145 control MSA in the sample, 
18 of which neighbor Toledo (neighbors). Out of the 29 MSA that SCM has chosen, 9 are among the neighbors and 
they make up 53.1% of the weights. If all 145 MSAs were equally likely to be selected, the probability of SCM picking 
9 or more neighbors would be 0.00126. It reinforces the idea that SCM tends to pick neighbors more than others. Yet, 
46.9% of the weight is given to farther MSAs, suggesting that some far MSAs may be more similar to Toledo than 
some neighbors. The inclusion of non-similar neighbors in the DiD might explain why the parallel trends assumption 
failed. 

Table 6: DiD results. The standard errors are clustered at the MSA level and reported in parenthesis. *** p<0.01, ** p<0.05, * 
p<0.1. 

Variables  OOP Insurer payment Utilization Hospital revenues 
 (1) (2) (3) (4) 
     

𝛽𝛽1 128.9*** 4,617*** -3.486 -219,919** 
 (18.74) (619.6) (3.021) (88,112) 

𝛽𝛽2 -102.2*** -2,133** -3.245 74,181 
 (18.70) (883.7) (3.869) (90,513) 
     
Observations  432 432 432 432 
R-squared  0.729 0.192 0.972 0.241 

8  Discussions 

The literature estimates that hospital mergers increase prices by 28-53% (Dranove & Ludwick, 1999; Gowrisankaran, 
Nevo, & Town, 2015; Tenn, 2011). In the current study, I find considerably larger effects that are significant and 
survive an alternative specification. Three reasons explain the difference. First, the literature measures the impact of 
mergers on prices while I study the impact on payments. Payments may go up more than prices because payments can 
increase by raising prices, upselling, and upcoding. Payment is a more relevant measure in health policy because what 
influences patient and insurer decisions is how much they expect to pay for each case, not the price per item or claim.  
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Second, Alpanda (2019) shows that mergers have exponentially stronger impacts on prices when they create duopolies 
or monopolies. The studied merger created a duopoly and the HHI reached 6,853. It justifies larger-than-average 
payment increases. Third, the literature finds the 28-53% price increase using public or a mix of public and private 
insurance data. But I use private insurance data. Theoretically, the effects can be larger for privately-insured people 
because they are on average wealthier and better insulated from the payments than publicly-insured people. It makes 
the privately-insured people less price-elastic and hospitals may use it to raise the payments more. 

Town, Wholey, Feldman, and Burns (2006) conjecture that higher healthcare expenditures are eventually passed on 
to patients in the form of higher OOP. The current study is the first to confirm the conjecture by showing that higher 
payments are largely passed on to patients in the form of higher OOP. Furthermore, I find that the effect is more 
immediate than what they expected. So, if a merger causes large payment increases, the impact on patients is likely to 
be large and imminent. 

The price elasticity of demand for inpatient childbirth (0.09) is considerably less than the average (0.30) for inpatient 
services (Ellis, Martins, & Zhu, 2017). It implies that the 77% post-merger increase in OOP should lead to a 6.9% 
decline in the demand for childbirth13. But I find a 23.8% post-merger decline in the utilization of childbirth services. 
A possible explanation for the discrepancy is that, instead of being fixed, elasticity is an increasing function of the 
size of the price increase. In other words, what Ellis, Martins, & Zhu (2017) find is the elasticity at the mean and it 
does not work in extreme price changes.  

Three factors may explain the decline in the utilization. First, patients may have switched to birthing centers. Birthing 
centers are more affordable than hospitals as they are less resource intensive. Second, patients may have resorted to 
homebirth. Homebirth is common in developed countries, although in the US it comprises less than 2% of births 
(Statista, 2018). With the help of a midwife, it can be a potentially safe option for uncomplicated cases (Janssen, et 
al., 2009). However, if the homebirth rate rises due to financial constraints, it may lead to adverse health outcomes. 
Third, patients may have postponed pregnancy. It is an unlikely factor, at least initially, because the decline in the 
utilization emerges immediately after the merger while gestation begins at least six months before birth. If either of 
the above is less safe than hospitals, then the merger may have resulted in adverse health outcomes for mothers or 
newborns. Town, Wholey, Feldman, and Burns (2006) state that increasing healthcare prices may lead to costly health-
related consequences as it forces patients to lose their insurance. I find that even patients who don’t lose their insurance 
may suffer health-related consequences if they are exposed to higher costs. 

This paper is the first attempt to test if the effect of market concentration on market outcomes is symmetric. To do so, 
I use the merger and challenge as variations in market concentration that are of similar magnitudes in opposite 
directions. I find that the challenge failed to reverse the effect of the merger on the utilization of care and it had partial 
success in reversing the effect on payments. It implies that the effect of market concentration on market outcomes is 
asymmetric: if an increase in market concentration leads to certain market outcomes, a decrease in market 
concentration of the same magnitude may not mirror the effect.  

The remainder of the discussions is split into three subsections that shed light on the validity of the findings. Section 
8.1 reports the bias bound results. Given that five pre-merger periods are used in generating the synthetic trends, bias 
bound analysis provides insights into whether the close pre-merger fit that is achieved is spurious. Subsection 8.2 tests 
the robustness of the results to the exclusions of explanatory variables one at a time. Subsection 8.3 elaborates on the 
assumptions of the study, the limitations to the findings, and the possible sources and directions of bias. 

 
13 Although demand and utilization are distinct concepts, the predicted decline in the demand provides an upper-bound for the 
predicted decline in the utilization, assuming an upward-sloped supply curve. 
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8.1  Bias bound analysis 

The magnitude and significance of the SCM results hinge on the validity of the synthetic trends, and the synthetic 
trends are the outcomes of an optimization procedure applied to the pre-merger periods. In this study, 22 explanatory 
variables are used to calibrate the synthetic over five pre-merger periods. When many explanatory variables and 
control regions are used with a few pre-intervention periods, there is a concern of over-fitting and spurious results. It 
is a potential source of poor estimation and bias. Since the data before 2010 are unavailable, the pre-merger months 
cannot be extended. Further, Appendix B shows that the use of shorter than monthly intervals would inflict heavy 
noise and mask the results. That said, this subsection provides the bias bound results to assess the reliability of the 
findings. 

Abadie (2019) shows that a sign of spurious results is having a close pre-merger fit for the dependent and poor fits for 
the explanatory variables. The bias diminishes if SCM closely predicts not only the dependent, but also the explanatory 
variables, i.e., if 𝑋𝑋1∗−𝑋𝑋0𝑊𝑊1

∗ is small. It is the idea of bias bound analysis. Abadie, Diamond, & Hainmueller (2010) 
show that if 𝑋𝑋1∗−𝑋𝑋0𝑊𝑊1

∗ is zero, then the estimates are unbiased even if only one pre-intervention period is available. 
Table 7 provides the bias bound results. In column 1, the pre-merger monthly averages are reported for Toledo. 
Columns 2-4 provide SCM predictions for OOP, insurer payment, and utilization, respectively. Column 5 reports the 
averages for the full sample. Comparing SCM predictions to column 1 shows the precision of the predictors, while 
column 5 sheds light on how SCM predictions fare against raw averaging. 

Table 7: the results of bias bound analysis. Values are averaged over 2010-2011. 

Variables Toledo SCM (OOP) SCM (insurer payment) SCM (utilization) Full sample 
 (1) (2) (3) (4) (5) 
Median household income ($1,000) 45.50 45.53 46.11 46.14 54.59 
Median female worker salary ($1,000) 33.25 33.49 32.38 33.29 36.59 
Unemployment rate (%) 7.26 5.92 5.17 5.60 4.98 
Below the poverty line (%) 11.49 11.50 9.97 11.51 9.42 
Working part-time (%) 1.72 3.66 1.77 1.72 2.31 
Union member (%) 32.86 32.86 32.51 27.30 14.19 
Hourly paid (%) 35.80 26.66 35.43 27.83 24.46 
COBRA continuation coverage (%) 0.00 0.45 0.36 1.51 1.06 
Population ($1,000) 654 655 609 661 1,397 
Median age 36.86 37.23 38.92 36.94 36.61 
Black (%) 13.33 14.10 13.43 17.26 13.04 
Hispanic/Latino (%) 5.48 5.48 6.07 5.74 13.03 
Married (%) 47.59 48.43 50.84 47.69 50.66 
Female (%) 51.49 51.48 51.25 51.44 51.05 
Women with some college education or higher (%) 48.70 48.23 47.99 47.28 45.72 
Women with a college degree or higher (%) 9.09 9.10 8.78 9.00 11.33 
Enrollees on an HMO plan (%) 15.78 15.70 11.45 15.37 14.83 
Enrollees on a PPO plan (%) 64.22 64.76 64.40 64.21 62.80 
Enrollees on a CDHP plan (%) 10.31 8.65 6.90 10.18 5.66 
Out-of-network (%) 13.13 17.33 13.19 15.31 5.26 
C-Section expenditures (%) 28.37 37.00 39.42 32.93 37.11 
Twin/multiple birth (%) 2.00 1.96 2.93 2.06 3.05 

 
The predictions in columns 2-4 are overall close to the values in column 1 and substantially more precise than column 
5. Examples include population, the proportion that are Hispanic or Latino, median household income, median female 
worker salary, union membership, and the percentage of women with a college degree or higher. A few poor fits are 
also present, such as C-Section expenditures and unemployment rate. The table suggests that the explanatory variables 
are predicted with reasonable precision and, thus, the potential bias caused by having few pre-merger periods is 
unlikely to be large. 

8.2  Sensitivity to the exclusion of variables 

The validity of the synthetic trend is reinforced if it is robust to the choice of the explanatory variables (Abadie, 2019). 
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In this subsection, I exclude explanatory variables one at a time and reproduce the synthetic trends. It is similar to the 
analysis on page 35 in Abadie (2019). Figure 7 demonstrates the results. The synthetic and actual trends are shown by 
dashed and solid lines, respectively, and each gray line shows a reproduction of the model after dropping one variable. 
The ideal case of robustness is where the gray lines perfectly match the dashed line. While a perfect match is unlikely, 
the gray lines are expected to be clustered around the dashed line.  

 
Figure 7: bias bound analysis. Each gray line is a re-estimation of the synthetic trend where an explanatory variable is excluded. 

Given that causality is established based on the gap between the actual and synthetic, robustness is reinforced if the 
actual trend lies outside the cluster in the studied post-merger or post-challenge months. Overall, Figure 7 verifies that 
if one explanatory variable is left out, still there remains a gap between the actual and synthetic to show that OOP, 
insurer payment, and hospital revenues increase and utilization decreases post-merger, and utilization does not recover 
post-challenge. 

8.3  Assumptions, limitations, and sources of bias 

The findings hinge on two assumptions that remain untested. First, the merger’s effect did not spill over to any of the 
control MSAs. Any spillover would inflate the payments in the control regions. So, results would be attenuated if this 
assumption is violated. Second, it is assumed that all patients receive care in the MSA where they live. The feasibility 
of the study relies on making this assumption because the data indicate the MSA where patients reside, not the MSA 
where care is received. There will be no bias from this source if all patients give birth locally. But if some patients 
seek care outside their MSA of residence, then some non-Toledoan residents are put in the treated and some Toledoans 
are put in the control. In turn, it would attenuate the results in a way similar to a spillover effect. 
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This paper is limited in the following ways. First, it studies an extremely concentrated market with the post-merger 
HHI of 6,853. It is twice the average (Gaynor, Ho, & Town, 2015) and it is unclear if the results repeat in less 
concentrated markets. Second, I did not systematically compare non-profit and for-profit hospitals. To understand 
whether non-profits deserve any leniency beyond for-profits, a future study might compare a group of multiple for-
profit and non-profit hospital mergers. Ideally, a group of public hospital mergers may be included as a benchmark 
because public hospitals are not strongly driven by financial motives (Duggan, 2000). 

Third, the merger made several headlines in Toledo local news before and after being signed and challenged. If the 
news impacted patient behavior, it may act as a confounding factor for the estimation of the utilization of care. 
Nevertheless, the news may not confound the estimated payment increases. Fourth, this study does not control for 
birth complications. Complications such as premature/low birth weight drastically increase the cost of care (Fetters, 
2011). The exclusion of birth complications may not bias the estimates as long as it varies independently of the 
included variables. Yet, it may inflate the standard errors and reduce statistical power. 

This study does not account for mergers taking place in other markets during 2010-2011. If major hospital mergers 
have taken place in the control MSAs, it may increase the payments in the controls and attenuate the estimates. Another 
consideration is that MarketScan data is representative of privately-insured individuals whose demographic 
composition may not match the census. For example, privately-insured individuals are expected to have a lower 
poverty rate, lower unemployment rate, and higher family income. So, the explanatory variables included from the 
census may be scaled up or down. If the scaling is time-invariant within each MSA – which is likely to be the case – 
the results would be unaffected. Even if the scaling is time-variant, it may not bias the estimates if the time variance 
is independent of the binary for Toledo. 

Last, the study provides evidence for higher payments and lower utilization of childbirth services after a merger. 
Childbirth has a lower price elasticity than most medical services. Thus, an unexplored question is whether and how 
the findings generalize to other services that are more or less price elastic than childbirth. I conjecture that the answer 
is a trade-off between payment and utilization: using childbirth as a reference point, more (less) price elastic services 
experience smaller (larger) increases in payments but larger (smaller) decreases in utilization.  

9  Conclusions 

A 2010 non-profit hospital merger in Toledo, Ohio, reduced the number of local providers of childbirth services from 
three to two. The Federal Trade Commission (FTC) challenged it after seven months. I use this case to study three 
aspects of the effect of hospital market power on market outcomes. First, I empirically verify the formerly-untested 
conjecture that mergers lead to higher Out-of-pocket payment (OOP). The literature expects a potentially long time 
before OOP is impacted. But I demonstrate that the effect is almost immediate. Second, the results challenge the 
presumption that non-profit hospitals have reservations in raising payments. They may use mergers to raise payments 
largely and aggressively. It casts doubt on the merits of offering leniency to non-profit hospitals in merger court trials. 
Third, I show that the effect of market power on market outcomes is asymmetric. When a merger goes through and 
creates harmful outcomes, the outcomes are likely to persist even if the merger is rescinded. To avoid the adverse 
effects, harmful mergers need to be denied before they go through. 

In 2010 and when the US population was 309 million, the Toledo MSA population was 507,643 (Bureau, 2011). The 
annual number of childbirth cases in the US during 2010-12 averaged 3.98 million (Statista, 2018). Assuming that 
childbirth cases are proportional to population, there are 6,527 annual cases in Toledo. If the observed payment 
increases apply to all childbirth cases, the merger has raised the annual expenditures by $24 million. This estimate has 
not been realized as the FTC challenge has partially reversed it. Yet, it suggests the potential outcome of the merger 
if it was not challenged.  
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11 Appendices 

Appendix A: alternative Wilcoxon test 

Table 8: the alternative Wilcoxon test results. Panels A-D represents the test results for OOP, insurer payments, utilization, and 
hospital revenues, respectively. The p-values are reported in the last column. *** p<0.01, ** p<0.05, * p<0.1. 

 Time interval  Control MSAs   Toledo   
  Obs.   Mean rank   Obs.   Mean rank   P-value  

Panel A: OOP 
A1: post-merger   145   73.03   1   141.00   0.1092  
A2: post-challenge   145  73.19   1   119.00   0.2803  
A3: Jul 2010-Dec 2011   145  73.09   1   133.00   0.1580  

Panel B: insurer payments 
B1: post-merger   145  73.05   1   139.00   0.1202  
B2: post-challenge   145  73.36   1   94.00   0.6267  
B3: Jul 2010-Dec 2011   145  73.12   1   129.00   0.1879  

Panel C: utilization 
C1: post-merger   145  73.86   1   21.00   0.2129  
C2: post-challenge   145  73.80   1   30.00   0.3020  
C3: Jul 2010-Dec 2011   145  73.86   1   22.00   0.2217  

Panel D: hospital revenues 
D1: post-merger   145  73.06   1   137.00   0.1319  
D2: post-challenge   145  73.33   1   98.00   0.5610  
D3: Jul 2010-Dec 2011   145  73.12   1   129.00  0.1879  
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Appendix B: SCM trends using biweekly intervals 

This appendix provides the SCM results where biweekly intervals are used instead of months. Figure 8 shows the 
results. The pre-merger fit is weak in all panels. It is due to the dearth of patient-level observations per period. To 
explain, the number of monthly childbirth cases in Toledo is between 12 and 36, with an average of 19.25. So, the 
monthly aggregations use enough observations to be relatively reliable. In biweekly intervals, the range reduces to 2 
to 18 observations per period, with an average of 8.9. It makes the biweekly averages considerably more volatile and 
susceptible to patient idiosyncracies. A strong pre-merger fit is key to the credibility of the SCM results, and it justifies 
the use of monthly intervals in the main identification. 

Besides leading to poor pre-merger fits, the sparsity of biweekly observations has made the trends noisier. Yet, the 
trends generally confirm the main findings of Figure 3. They show evidence of a post-merger increase in OOP that 
partially lasts post-challenge, a post-merger increase in insurer payments that diminishes a few months after the 
challenge, and a post-merger utilization decrease that persists post-challenge. So, even though the analysis based on 
biweekly intervals would suffer in terms of statistical power and clarity of trends, the baseline conclusions are 
unchanged. 

 

Figure 8: SCM trends using biweekly intervals. 

  



25 
 

Appendix C: normalized trends for utilization of childbirth 

The number of births taking place each month depends on the number of days in the month. Further, the birth rate is 
seasonal throughout the year. Figure 9 is the equivalent of Figure 3 panel C that is normalized with respect to the 
number of days in each month (by scaling all months to 30 days) and further normalized to even out the seasonality. 

 
Figure 9: normalized utilization trends adjusted for seasonality and the number of days in the month.  
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