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ABSTRACT 

Marketing practices like Money-Back Guarantees (MBGs) and warranties 

are quite controversial in the health care market. Despite their professed 

intention to improve consumer welfare, MBGs are often decried for taking 

advantage of consumers who might not have the correct information. This 

concern is valid especially given the salient features of health care markets: a) 

customization, b) expert service, and c) difficulty in measuring service quality. 

For instance, in the context of in-vitro fertilization (IVF)– a medical procedure 

to assist infertile couples in having children – many health care and policy 

experts argue that MBGs offered by fertility clinics are nothing but marketing 

gimmicks and that these clinics either sort and treat only the more fertile 

patients or overtreat patients with more aggressive and risky treatment 

protocols. This concern, however, is in stark contrast with the signaling 

literature in marketing and economics. The central idea of the signaling theory 

is that the cost of offering MBGs can be so high that low-quality clinics are not 

able to afford mimicking the high-quality clinics’ offering of MBGs. Essentially 

then, only high-quality clinics would be able to afford MBGs.  

Given these contrasting viewpoints, my dissertation aims to advance our 

understanding of the strategic MBG decisions in the health care market. 

Utilizing data from the U.S. IVF market, I investigate the relationship between 

MBGs and clinic capability, which contains two aspects: a) service quality, i.e., 
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the effectiveness in transforming input to treatment outcome (or quality output), 

and b) service productivity, i.e., the efficiency in transforming input to 

production possibility (or quantity output). Considering the nature of the IVF 

market, my findings have natural extension to other health care and expert 

service markets.  

In chapter 2 (essay one), I empirically examine the underlying mechanism 

of MBGs – whether MBGs in the IVF market can act as credible signals of quality 

or simply marketing gimmicks – by investigating the relationship between MBG 

offers and treatment outcomes at the clinic level. The analysis is conducted on a 

large and unique longitudinal dataset that includes a) clinic-level treatment and 

outcome statistics for almost all IVF clinics in the U.S., b) fertility clinic 

characteristics and MBG decisions, c) information on state-level insurance 

mandates, and d) demographic characteristics. Using an instrument variable 

approach to account for the endogeneity of MBG decisions made by fertility 

clinics, I find that compared to clinics not offering MBGs, clinics offering MBGs 

secure better treatment outcomes (i.e., higher live birth rate) and use less 

aggressive treatment (i.e., transferring fewer embryos) without sorting higher 

fertility patients or imposing higher long-term risk (i.e., multiple birth rate). 

These results taken together suggest that MBGs can work as signals of quality 

despite the incentives for clinics to engage in opportunistic behaviors.  
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In chapter 3 (essay two), I empirically examine the relationship between 

MBG decisions and clinic productivity. To quantify the unobserved productivity, 

I first incorporate the quantity-quality tradeoff into the production function and 

then estimate it using a non-parametric structural model approach recently 

developed in the economics literature. Empirically, to handle the endogeneity 

challenge caused by unobserved productivity, I use input change decision (i.e., 

hiring and investment) as a proxy for productivity. Then, I use an instrument 

variable approach to deal with the attenuation bias caused by measurement 

error in quality output. The results show that a) the quantity-quality tradeoff 

exists in the IVF market, b) expert labor plays a more important role than capital 

in determining the production quantity, and c) clinics with higher productivity 

are more likely to be offering MBGs, being non-profit, with longer experience, 

providing service to single woman, with higher competition, and in states with 

IVF insurance mandates.  

Compared to non-MBG clinics, MBG clinics have higher capability 

because they are not only more effective in transforming resource to successful 

outcome, but also more efficient in transforming capital and labor to production 

capacity. Shedding light on the public policy debate over MBG practice in the 

IVF industry, my study indicates that traditional marketing strategies deserve 

nuanced analysis in the health care and expert service markets.  
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 CHAPTER 1: OVERVIEW 

 

 

 

 

 

Health care services have critical and long-lasting influence on economics, 

society, and consumers’ life quality, not only physically, but also 

psychologically, and financially. In America, health care spending has hit $3.0 

trillion, or $9,523 per person in 2014 and is estimated to account for nearly 20% 

of the U.S.’s spending by 20241. Recently, the U.S. health care market has also 

started facing new challenges because it has been shifting towards a new 

paradigm of consumer-driven health care, where consumers take a more active 

role in their health care decisions. Greenfield and Whitler (2015) attributed this 

change to three drivers: first, baby boomers entering their life-stage with 

pronounced chronic conditions are boosting health care costs. Second, to adapt 

to the newly launched Affordable Care Act, insurers are focusing more on 

engaging individual consumers than on negotiating with employers. In addition, 

providers’ reimbursements are beginning to depend on treatment outcomes and 

patient satisfaction, thereby creating incentives for providers to focus on 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
1	  http://money.cnn.com/2015/07/28/news/economy/health-‐care-‐spending/	  	  

“The market mechanisms that is taken for granted in other 
service sectors is broken in American health care... Health care is 
a deeply troubled but critically important service sector. It costs 
too much, wastes too much, errs too much, and discriminates too 
much. Health care needs more of the brainpower of the people 
who read this journal.” – Berry and Bendapudi, Health Care: A 
Fertile Field for Service Research, 2007, p.111-p.112 
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consumers. Third, an explosion in digital media such as the Internet, online 

communities and blogs, and mobile apps allows patients to be more informed 

on their health conditions, health products, and cost and quality of health care 

service. As such, health care marketers are facing tremendous challenges in 

understanding consumer preferences, creating new products and services that 

meet consumers’ needs, and developing marketing programs that improve 

consumer welfare.  

Despite these challenges to marketers, researchers have paid much less 

attention to marketing practices in the health care markets as compared to 

traditional consumer markets. Due to the salient features of health care service, 

the mechanisms and effectiveness of marketing practices might actually deviate 

from their taken-for-granted ways, essentially calling for more research in this 

particular domain as suggested in the opening quote. My dissertation aims to 

shed light on the use of one such strategic marketing decision –Money-back 

Guarantee—in a typical health care market. My research also responds to Hunt’s 

(1976) and Lovelock’s (1984) calls for developing suitable marketing strategies 

that take into account the idiosyncratic contexts of different industries.  

In the following sub-sections, I am going to summarize the key features 

of health care markets, review selected recent literature on health care 

marketing, and at last, summarize my research questions and key findings.  



15	  

1.1 Features of Health Care Service 

1.1.1 Customization 

Health care service is a personal and important service that consumers 

need but not necessarily want (Berry and Bendapudi 2007). Its first pronounced 

feature is that patients are heterogeneous and health care providers need to 

customize the service or treatment according to individual patients’ 

characteristics, including health condition, medical history, age, personal 

characteristics, psychological condition, preferences, family circumstances, and 

even financial capability (Berry and Bendapudi 2007). In contrast with 

customized products (e.g., customized furniture), health care service requires 

far more interactions and service tailoring to meet the needs of individual 

patients. Therefore, health care requires “whole person” service and this 

requirement gets even more salient when patients become more seriously ill 

(Berry and Bendapudi 2007).  

Take infertility treatment as an example. Patients who have failed 

multiple IVF cycles may have complicated medical condition, high financial 

burden, and tremendous emotional distress when they start a new treatment 

cycle. Thus, IVF doctors not only need to dig into their medical history to find 

suitable treatment and constantly monitor patients’ hormone response to 
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adjust protocol, but also need to consult on patients’ psychological stress, 

lifestyle, and financial capabilities.  

1.1.2 Expert Service 

Similar to other services like auto repair, appraisal service, and legal and 

financial consulting, health care service is a type of expert service in the sense 

that expert providers have more information, skill, knowledge, confidence, and 

power in performing diagnosis and determining the type of service that 

consumers need than the consumers themselves. Given this information 

asymmetry, expert providers have the opportunities to defraud consumers by 

suggesting unnecessary service (i.e., overtreating) or charging for services that 

they have never performed (i.e., overcharging) (Dulleck and Kerschbamer 2006). 

Consumers, on the other side, can only observe the outcome; they cannot 

perfectly judge whether the type of service recommended is appropriate for 

their idiosyncratic condition/situation due to the complexity of the decision. 

Given this information asymmetry between the providers and the patients in 

knowledge and information, consumers have little choice but to rely on experts’ 

insight or advice (Moorman, Zaltman, and Deshpande 1992, Sniezek and Van 

Swol 2001)  

For example, auto repair technicians may turn a safety inspection into a 

major repair by alleging a failure on the car brake, while the real problem could 
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have been easily solved by a simple flush. Alternatively, technicians may charge 

for oil change but in reality they do nothing especially when consumers are not 

familiar with the mechanics of an automobile.  

In the context of health care service, patients often view doctors “right 

next to God” for their expertise and knowledge. However, this does leave the 

door open for unethical doctors who could prey on those poorly informed 

patients in two ways. First, doctors might use prescreening tests to decline 

sicker patients or seek healthier patients based on their diagnosis, complexity 

of care, or quantity of resources consumed. This is especially true when “the 

difference in outcomes achieved by low- and high-quality providers is greater 

for sick patients” and “the utility loss from a few bad outcomes that drove a 

provider to the bottom of the rankings, generated bad publicity, and 

catastrophically harmed his or her reputation exceeds the utility gain from a 

corresponding random positive shock” (Dranove et al 2003). Empirically, 

researchers have documented this possibility in the human-capital intensive 

health care markets such as cardiac surgery, obstetrics, etc. (Dranove et al. 2003; 

Epstein, Ketcham, and Nicholson 2010; Scott and Silverberg 1998; Zhang 2011). 

Second, doctors may overtreat patients with unnecessary tests or aggressive 

treatment procedures such as higher dosage of medications (Murray 1997; Scott 

and Silverberg 1998). Both the above actions can boost clinics’ revenue or 

short-term performance (e.g., transplant one-year survival rate, etc.), but also 
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have the higher likelihood of impairing the patient’s financial or long-term 

health condition.  

1.1.3 Difficulty in Measuring Service Quality  

Literature has documented wide variation in the quality of health care 

service (McGlynn et al. 2003). However, the quality of care provided cannot be 

easily evaluated because, even if we disregard the subjective aspects of service 

quality, there is no perfect objective measure for service quality. The often-used 

measure – short-term treatment outcome (e.g., survival rate, mortality rate, 

live birth rate, etc.) – is a function of a) patient medical and personal condition, 

b) patient compliance or cooperation, c) doctor expertise, d) quality 

management system (e.g., cleanliness of equipment and labs, nurse skills, 

efficiency in communication), e) the treatment aggressiveness or 

appropriateness given patients’ individual characteristics (affecting both short-

term outcome and long-term health), and f) other random factors. Among those 

factors, only doctor expertise, quality management, and treatment 

aggressiveness can represent service quality. Therefore, the conveniently 

observed treatment outcome is a poor measure for service quality because 

treatment outcome could be easily influenced by variations in patients’ medical 

condition, cooperation, as well as random shocks. This problem is further 
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intensified by the fact that short-term treatment outcome cannot reflect long-

term health consequences as a result of aggressive treatment.  

1.1.4 Consequence – Information Asymmetry 

 A direct consequence of the above features of health care service – 

customization, expert service, and difficulty in measuring service quality – is 

that consumers are at considerable information disadvantage in evaluating the 

quality of health care service. The service customization deters direct 

comparison of treatment outcomes among patients; the nature of expert service 

deters consumers’ evaluation on treatment appropriateness; the ambiguous or 

unobserved measures for service quality make it difficult for even the 

knowledgeable patients to infer quality from observing service outcome.  

For instance, when a specific treatment fails, the patient cannot 

accurately determine whether the treatment failure was because of (a) an 

incompetent physician who lacked the requisite knowledge and skills, (b) poor 

treatment choice, (c) her/his own medical conditions, poor physical response to 

medications, or (d) pure bad luck. In contrast, when a treatment succeeds, this 

patient’s successful experience may not be applied to other patients because 

each service is personal, customized, and consumer co-produced.  

In addition, patients are often focusing on the subjective aspects of 

service quality rather than the objective evaluation. Berry and Bendapudi’s 
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(2007) used 1,000 depth interviews with Mayo Clinic patients to find that most 

patients cannot judge a physician’s clinical acumen and skills very well; they 

focus more on the doctor’s bedside manners (behaviors) rather than the 

doctor’s technical skills or expertise. This finding illustrates the difficulty in 

evaluating doctor’s service quality and also patient’s inclination to assume that 

a doctor is clinically capable.  

1.2 Health Care Related Literature 

Health care service has been a rich field to study. Recent marketing 

research has examined different aspects of health care, such as, a) consumer 

welfare, b) firm strategies, c) physician behavior, compliance and co-creation, d) 

pharmaceutical marketing, and e) insurance and public health in health care 

markets. The following sub-sections review a few representative papers in each 

aspect. 

1.2.1 Information Asymmetry and Consumer Welfare 

In the health care market, consumer welfare might be infringed upon due 

to information asymmetry. During the treatment, consumers may rely heavily 

on expert doctors’ advice because of their lack of medical knowledge. However, 

over-reliance may also backfire on the consumers. For instance, Schwartz, Luce, 

and Ariely (2011) find that when dental patients need to preserve long-term 

relationship harmony with the dentist, they tend to be reluctant to seek second 
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opinion and choose to trust the dentist’s suggestion. However, lack of an 

independent second opinion usually leads to increased treatment expenditure 

and decreased consumer welfare.  

Before the treatment, when consumers choose among various health care 

products or service without knowing their true quality, they may actively seek 

quality information from various “signals”, such as experience, brand name, 

reputation, word-of-mouth, and observational learning. However, such 

observational learning might lead to inefficient market outcomes. For example, 

Zhang (2010) finds that, in the U.S. kidney market where kidney quality 

information is ambiguous, it is possible to observe unpleasant information 

cascade or herd behavior. That is, transplant candidates draw negative quality 

inferences from earlier candidates’ rejections on the kidney and become 

increasingly reluctant to accept the kidney down the waiting list. Thus, a 

random early-stage kidney rejection may result in a cascade of repetitive future 

rejections, leading to inefficient kidney utilization despite the continual 

shortage in kidney supply. She further suggests that sharing information on 

reasons for kidney rejection could improve the efficiency of kidney utilization.  

1.2.2 Firm Strategies 

To tackle information asymmetry in the health care markets, firms often 

utilize various strategic marketing offerings such as accreditation, advertising, 
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high price, warranties, or MBGs to signal service quality. Xiao (2010) 

demonstrates that, in the childcare market where quality information (i.e., 

reputation) for new childcare is not established, consumers might rely on 

national accreditation status to infer quality of childcare service. Her 

counterfactual analysis shows that the existence of the national accreditation 

system improves consumer welfare by 2%.  

The effects of these marketing strategies have been studied as well. For 

instance, Fischer and Albers (2010) explore the decomposed effects of direct-to-

consumer (DTC) advertising versus the advertising directed at the physicians 

such as detailing, professional journal advertising, and other activities (e.g., 

physician meetings and dinner invitations). Their results show that the primary 

demand (i.e., the market expansion) effect of advertising is indeed small, 

consistent with previous findings. But this is due to the intense competition 

between brands rather than inherently low primary demand responsiveness. 

More interestingly, detailing is more effective in improving primary demand 

than DTC advertising.  

Under certain circumstances, marketing efforts can even hurt a health 

care provider’s performance. In the non-for-profit blood donation market, for 

example, free owned/earned media can sometimes hurt the blood bank because 

it is impossible to shut them down quickly when donation levels and spoilage 

risk are too high (Aravindakshan, Rubel, and Rutz 2015). In contrast to 
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traditional integrated marketing communication literature in for-profit settings, 

the authors also found that when effectiveness of advertising tools increase, 

blood bank will spend less rather than more on these tools.  

1.2.3 Physician Behavior, Compliance, and Co-creation 

Remember that consumer compliance and cooperation, among many 

other factors, is a key element determining health care performance, especially 

when the service is complex, customized, and delivered over several 

interactions. In fact, noncompliance is one of the major causes for death in the 

U.S. (Petty and Cacioppo 1996). Therefore, designing schemes and mechanisms 

to improve consumer compliance also deserves the attention of health care 

marketers.  

One way for health providers to improve consumer compliance is to 

improve their influence, support, and instructions to consumers (Jayanti and 

Burns 1998). In the context of weight-loss service, for example, Dellande, Gilly 

and Graham (2004) empirically prove that high levels of health providers’ 

expertise and attitude homophily have a positive impact on consumers’ role 

clarity, ability, and motivation, which in turn lead to high level of goal 

attainment and consumer satisfaction.  

Aside from the cognitive way, health providers can also improve 

consumer compliance by designing the service in a way that elicits positive 
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emotion. This is because researchers (Gallan et al 2012) have found that 

consumers’ positive level of affect can increase consumers’ participation, which 

in turn improve perceptions and satisfaction of the service quality.  

In the pharmaceutical market where manufacturers have arm’s length 

relationship with the consumers, direct-to-consumer advertising seems to be a 

useful way of improving consumer compliance. However, in contrast with the 

industry surveys, Wosinska (2005) finds that the impact of drug advertising is 

very small (i.e., cents on a dollar), spills over to other brands, and can be 

negative when advertising brings new risk information to consumers.  

1.2.4 Pharmaceutical Marketing 

As can be seen from previous Wosinska’s (2005) paper, pharmaceutical 

market is an interesting sub-field to study as pharmaceutical companies enter 

the already complex doctor-patient relationship as a third player. Even though 

doctors have superior medical knowledge than patients, they still need to learn 

drug effectiveness either through patient experience or through pharmaceutical 

companies’ detailing.  

In addition to detailing, a typical marketing practice is that 

pharmaceutical companies give free drug samples for doctors to distribute to 

patients, with the purpose of ascertaining the drug efficacy and subsiding 

patients with financial concerns. An interesting question to ask under these 
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conditions is the potential interactions between these two. Chintagunta, 

Goettler, and Kim (2012) empirically document a tradeoff between detailing and 

sampling: future foreseeable detailing might reduce the doctors’ incentive for 

experimenting with new drugs because the former has no cost, thereby slowing 

the drug adoption process. This implies that firms should avoid announcing 

increases in detailing activities. Furthermore, Bala, Bhardwaj, and Chen (2013) 

use a theoretical model to examine the optimal level of sampling and detailing 

given their interactions. 

During the drug quality learning process, doctors may also deviate from 

optimal reasoning and decision-making because of bounded rationality and 

incomplete information. For instance, Camacho, Donkers, and Stremersch (2011) 

find that doctors’ learning about drug quality is strongly influenced by salience 

effects and give more weight to easier-to-recall patients, that is, patients whose 

treatments have recently been switched. This salience effect may hurt consumer 

welfare as it slows down doctors’ speed of learning and the adoption of a new 

treatment. Thus the authors suggest health care providers should try to 

eliminate salience effect to speed up on adoption of new treatments.  

In the context of over-the-counter (OTC) drugs, consumers can avoid the 

hassle of seeing physicians but they still face incomplete information problem 

when choosing OTC drugs. Akcura, Gonul, and Petrova (2004) demonstrate that 

price promotions couldn’t increase market share, but brand memorability (from 
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superior perceived quality, precise positioning, or effective advertising) 

determines brand salience on the next purchase.  

1.2.5 Insurance and Public Health 

Insurance is a complex and important element in health care market 

because it does not only block the impact of health care price and pharmacy 

price on consumers, but also affect health providers’ treatment decisions, effort, 

and consumer choice. Thus, it is interesting and critical to understand the 

impact of insurance on health care providers and consumers in case of any 

insurance reform or policy change.  

For instance, Walsh et al (2011) examines how ability (e.g., confusion, 

comprehension, and education), motivation (e.g., personality and health needs), 

and opportunity (e.g., information exposure and perceptions of barriers) 

influence consumers’ active versus passive choice regarding insurance plan. 

They find that active choice and help from health care professionals could 

enhance plan choice. The active choice is significantly influenced by consumers’ 

ability to comprehend health information, perceived barriers, and WOM.  

In the context of IVF, insurance mandate that requires insurers to cover 

IVF treatment has been the focus of many researchers as it closely relates to 

infertility consumers’ welfare. For example, Hamilton and McManus (2012) find 

that state-level insurance mandates lead to increase in IVF usage, decrease in 
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live birth rate, and decrease in treatment aggressiveness and multiple birth risks. 

They further conclude that insurance mandates lead to market expansion and 

are welfare enhancing because they reduce patients’ financial pressure and draw 

less fertile patients into the market.  

1.3 Summary and Dissertation Structure 

In summary, health care market has salient features that distinct it from 

other consumer markets. The service is customized to individual consumers and 

is coproduced between expert providers and poorly informed consumers. Due to 

these features, many practitioners have raised the concern that some 

traditional marketing strategies such as MBGs may involve ethical issues. Thus, 

the goal of my dissertation is to systematically investigate the marketing 

practice of money-back guarantees (MBGs) using the market of in-vitro 

fertilization (IVF), a typical and highly consequential health care service. 

My dissertation comprises of two essays (chapter 2 and 3). In the first 

essay, I first tackle the question of whether MBGs could be considered as signals 

of service quality (as suggested by signaling theory) or are they simply 

marketing gimmick that exploits a consumer’s (patient’s) emotional need and 

information disadvantage (as suggested by practitioners and ethical critics). I 

establish the relationship between service quality and MBG offering using 

instrumental variable approach and full-information maximum likelihood 
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estimation. Here the service quality is compared according to success rate as 

well as risk after controlling for observed clinic characteristics, doctor 

composition, and demographic information.   

In the second essay, I explore clinics’ performance variation in an 

alternative way by quantifying clinics’ productivity, which is defined as a 

combination of all factors that affects efficiency in transforming the labor and 

capital input to production quantity output. To do so, I first estimate the 

productivity of IVF clinics with structural model approach and non-parametric 

estimation following the production function literature. Then, I explore the 

relationships between service productivity and a series of clinic-level factors, 

such as a) MBG practices, b) treatment outcomes, c) clinic characteristics, and d) 

input decisions, etc.  

The results show that clinics offering MBGs (i.e., MBG clinics) tend to be 

those of higher service quality and of higher service productivity as compared to 

clinics not offering MBGs (i.e., non-MBG clinics). Both these two sets of 

relationships indicate that MBG clinics are superior to non-MBG clinics in 

terms of doctors’ expertise and experience, embryologists’ training and 

vigilance, technician skills, quality management efficiency, or lab equipment 

and environment control. Despite their information disadvantage, consumers 

(patients) can actually benefit from the marketing practice like MBGs rather 

than being taking advantage of by expert healthcare providers. 	   	  
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CHAPTER 2: MONEY-BACK GUARANTEE AND SERVICE QUALITY 

2.1 Introduction 

Marketing practices like Money Back Guarantees (MBGs) that are quite 

popular in traditional consumer product markets are also increasingly prevalent 

in many non-traditional service sectors such as healthcare, legal services, 

consumer financial services, auto repairs, and even wedding planning. However, 

in these contexts where the services’ salvage value is low, the services are 

customized to heterogeneous consumers, and service providers have much 

more expertise to determine what type of service is most appropriate for 

consumers than the consumers themselves, the role played by such MBG 

practice is not well understood. Because of these features, there is potential for 

providers to exploit this information asymmetry to defraud consumers. For 

instance, auto-repair technicians may persuade consumers to conduct more 

expensive but unnecessary repairs. That is why researchers and policy makers 

have widely denounced MBG practices as “marketing gimmicks” that are 

unethical and deceptive (e.g., Murray 1997; Schmittlein and Morrison 2003; 

Scott and Silverberg 1998). These viewpoints are in stark contrast to a small but 

increasing volume of work that focuses on the role of marketing practices in 

enhancing social welfare and satisfying consumer needs (e.g., Anderson-

MacDonald 2014; Viswanathan et al 2010) and hence call for a closer scrutiny.  
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In this paper I investigate the role of MBGs in a socially relevant and 

economically important industry – the market for In-Vitro Fertilization (IVF) – 

by studying the relationship between MBG offers made by fertility clinics and 

key IVF input decisions and treatment outcomes. This investigation will not 

only enable me to directly assess the role of such marketing practices in non-

traditional markets but also allow me to examine whether such practices are 

dangerous marketing gimmicks or actually enhancing consumer value.   

To pinpoint the importance of this issue in the IVF market, consider the 

circumstances surrounding MBG practices in the IVF industry. First, operating 

IVF clinics tends to be a costly undertaking for the clinics as it involves 

significant costs (e.g., physician & staff salaries, laboratory facilities, equipment 

for and non-standard2 procedures such as PGD and ICSI3) but also because unlike 

durable goods such as TVs or cameras, there is no salvage value to the clinic if 

there is service failure (i.e., inability to help patients produce a live baby) and 

the customer wants her money back. Second, treatment outcomes are very 

uncertain (e.g., average live birth rate 30%) and depend not only on the clinic’s 

quality (e.g., expertise, training, and experience of physicians and embryologists, 

quality of IVF equipment, laboratories, and management, etc.) but also on 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
2 In addition to standard cost for egg retrieval and transfer, there is cost for prescreening, monitoring, 
medications, anesthesia, and non-standard procedures such as Intra-cytoplasmic sperm injection (ICSI), 
pre-implantation genetic diagnosis (PGD), assisted hatching (AH), and embryo cryopreservation.  
3 PGD stands for pre-implantation genetic diagnosis, a genetic profiling on embryos prior to implantation to 
screen genetic disorder. ICSI stands for intracytoplasmic sperm injection, a procedure used for patients 
with male-factor infertility by injecting a healthy sperm directly into the center of the egg. 
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patient fertility (e.g., age, diagnosis, quality of eggs, sperms and fertilized 

embryos, etc.) and treatment aggressiveness (e.g., number of embryos 

transferred, dosage of ovulation medicine, etc.). Third, the services are 

customized to heterogeneous patients. Given the “expert service” nature of this 

market, doctors have a greater say in determining, and persuading the patients, 

on the appropriate treatment procedure for that particular patient4. Patients, on 

the other hand, may find it difficult to verify the appropriateness of treatment 

even after observing the treatment outcome. 

Under such circumstances, it is quite logical to argue that clinics that 

offer MBGs have a strong incentive to improve success rate either by adopting 

aggressive treatment that endangers both the patient and children in the long 

run or by sorting and treating only the more fertile patients. Clinics may sort 

patient by turning down those lower-fertility patients using prescreening 

mechanism or by luring more fertile patients into the market. As such, critics 

have widely denounced this practice as being an unethical “marketing gimmick” 

that opportunistically preys on vulnerable, partially informed and unsuspecting 

patients (Murray 1997; Scott and Silverberg 1998). Indeed, Schmittlein and 

Morrison (2003) argue that the only way for clinics that offer MBGs to be 

profitable is to induce more fertile couples, i.e. those who could conceive either 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
4 In this circumstance, healthcare to a larger extent is very similar to other expertise service sectors (e.g., 
Emons 1997, Dulleck and Kerschbamer 2006) where there is significant information asymmetry between 
the provider and the consumer. 
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naturally or through less invasive and cheaper procedures, to unnecessarily 

undergo IVF treatments.  

A contrarian view of the role of MBGs can be found in the signaling 

literature on marketing and economics. This strand of research argues that 

MBGs could act as credible signals of “high quality” (e.g., Spence 1977, Moorthy 

and Srinivasan 1995, Kirmani and Rao 2000) in markets characterized by 

information asymmetry.  The core of the signaling argument is that if the cost of 

a marketing signal is too high for a low quality firm to follow through, it would 

deter those firms from mimicking the signals that high quality firms could send. 

As such, this marketing practice can allow high quality firms to separate from 

the low quality ones and hence become credible signals of quality. In turn, 

consumers benefit from using these signals as quality indicators that enable 

them to choose the higher quality product accordingly.  

Given these contrasting views, my goal of this chapter is to answer the 

following questions: Can MBGs be signals of high quality that could be used to 

differentiate firms and enable consumers to make more informed choices or are they 

“marketing gimmicks” used by firms to benefit themselves but at a cost to the 

consumers? Specifically, I seek to systematically investigate whether MBG clinics 

are actually “higher quality” clinics who make better input decisions and secure 

better outcomes (the signaling argument) or are they unethical programs meant 

to attract patients but secure outcomes either through risky, aggressive 
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overtreatment or through sorting out the more fertile patients (the gimmick 

argument). Towards that end, I examine differences between clinics that provide 

MBGs (MBG clinics) and those that do not (non-MBG clinics) in terms of 

treatment outcomes, treatment aggressiveness, and patient fertility. Addressing 

this question is the central objective of my research not only because of the 

limited empirical evidence in marketing, healthcare and economics on the role 

of MBGs but also because of the important public policy implications of these 

practices. 

The IVF industry is an ideal context for studying the role of MBGs. For 

one thing, infertility is a significant public health problem worldwide. As of 2010, 

every 1 in 8 couples of their reproductive age (aged 15 ~ 44) in the world are 

believed to be infertile5. Infertility treatments, for people who opt for them, 

include ovulatory drugs (e.g., Clomiphene), surgery, intrauterine insemination 

and host of techniques broadly classified under the umbrella of assisted 

reproductive technologies (ART). Among these, the most technologically 

advanced and popular treatment for infertility is In-Vitro Fertilization where the 

egg(s) is (are) fertilized outside the body and then the embryo(s) is (are) 

transferred into the woman’s uterus. About 1% of the babies born in the United 

States every year are the result of successful IVF treatments provided by about 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
5 Defined as an inability to become pregnant after 12 months of attempts to procreate without contraception 
(Stephen and Chandra 2000). 
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450 ART clinics (ASRM 2010). Further, it is expected that by the year 2020, the 

global market for IVF would be about $22 Billion (Shields and Patil 2014).  

For another, from a consumer perspective, choosing the right clinic for an 

IVF treatment can often be a physically, emotionally, and financially demanding 

decision that is further compounded by the significant information asymmetry 

in the market. First, infertility is usually a private, painful, and taboo topic that 

patients are wary of confiding with anybody else except their most intimate 

family members. As such, word-of-mouth effect where patients openly share 

information about doctors and clinics is relatively low. Second, since each 

treatment is customized to an individual patient based on her medical diagnosis 

and characteristics, her experience is not easily transferable to another patient. 

Hence peer-to-peer forums that offer information cannot be easily translated 

into what decisions that particular consumer should make. Third, only 35% of 

clinics list the price schedules on their websites. These list prices also vary by 

the procedures they cover. As the procedures necessary for a particular patient 

can only be determined after consultation with the physician, it is difficult for 

patients to infer quality using price information. Finally, even though clinic 

success rate information is public available by CDC and SART6, it is an 

ambiguous measure for clinic service quality. In particular, clinics could boost 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
6 CDC stands for Center for Disease Control and Prevention. SART stands for Society for Assisted 
Reproductive Technology, an organization dedicated to enforcing standards for fertility treatments like IVF. 
Failure to follow SART guidelines can result in membership being revoked. 
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their overall success rate by sorting and treating only the more fertile patients or 

by undertaking more aggressive treatments that increase the risks to both the 

would-be mother and the babies. As a testament of this particular concern, 

SART’s policy for advertising (2015) specifically prohibits member clinics from 

comparing their clinic’s success rate with that of others. Under such 

circumstances, MBG programs, where consumers (patients) pay a lump sum 

(instead of a la carte) amount ex ante that covers up to a specified number 

(usually 3 or 4) of cycles and get a full or partial refund if no live baby can be 

delivered after all those specified cycles (Schmittlein and Morrison 2003), could 

facilitate consumer choice.  

To empirically investigate the role of MBGs in the IVF market I compile a 

unique, comprehensive, and longitudinal dataset that draws from four different 

sources. These include: (a) clinic-level treatment and outcome statistics and 

aggregate patient/clinic characteristics for all IVF clinics in the U.S. obtained 

from the Center for Disease Control and Prevention (CDC), (b) archival data on 

clinic’s MBG policies and prices offered – both a la carte and under MBG (if 

offered) from each clinic’s website and Internet Archive collected over a period 

of 3 years, (c) state-level insurance coverage mandate information from Resolve: 

The National Infertility Association (Resolve), and (d) demographic data from 

the U.S. Census Bureau and medical wage index from Centers for Medicare & 

Medicaid Services (CMS).  
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As discussed earlier, focusing only on one aspect of performance is 

inadequate in this context. For instance, clinics could secure a higher live birth 

rate by strategically sorting and treating only the more fertile patients or 

undertaking aggressive risky procedures that jeopardize the health of both the 

would-be mothers and the newborn child. Thus using live birth success rates as a 

sole measure of clinic quality would be misleading as clinics could adopt 

unethical procedures and still guarantee successful outcomes. I address this 

issue by comprehensively examining multiple key aspects of the clinic’s role 

including the observed fertility of the patients a particular clinic serves, the 

input decisions made by the clinic, the clinic’s success rate, and the long-term 

risks borne by the patients from clinic actions and outcomes. I analyze the data 

using standard OLS estimations as well as full information maximum likelihood 

(FIML) estimations with instrument variables that account for the endogeneity 

of MBGs, to investigate the relationships between a clinic’s MBG decision and 

the key treatment inputs and outcomes. 

My results provide robust evidence that in this market, clinics offering 

MBGs programs are higher quality clinics. In particular, all else equal, compared 

to non-MBG clinics, MBG clinics achieve higher success rate (i.e., higher live 

birth rate). Equally importantly, MBG clinics do not get higher fertility patients, 

use less aggressive treatments (i.e., fewer number of embryos per transfer), and 

impose lower multiple birth risk (i.e., lower chance of triplets or more births). At 
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the same time, MBG clinics also operate more cycles than non-MBG clinics do. 

Taken together, these results suggest an important role marketing practices like 

MBGs play in markets with significant information asymmetry – as signals of 

clinic quality that facilitate consumer decision-making and enhance social 

welfare.   

My research makes several contributions to both practice and theory. 

Substantively, my work has important public policy implications by shedding 

light on the controversial marketing practices in healthcare market. Critics have 

pointed out that MBGs may hurt consumer welfare and lead to unethical 

behaviors such as using higher dose of fertility drugs and transferring more 

embryos per cycle (Murray 1997; Scott and Silverberg 1998). Likewise, others 

have suggested that MBGs cannot be profitable for IVF clinics unless they 

unethically sort out more fertile patients (Schmittlein and Morrison 2003; Scott 

and Silverberg 1998) or charge higher price for the a la carte payment scheme 

(Dukes and Tyagi 2009). In contrast, my results comport with the argument that 

only clinics that have developed a repository of skills, expertise, and experience 

are inclined to offer MBGs. Such clinics develop their knowledge base that 

enables them to generate better outcomes without undertaking distortionary 

efforts that increase the long-run health risks for consumer or losing money 

themselves. By ruling out possibility of increased tendency in opportunistic 
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behavior of IVF clinics, my study provides the first empirical evidence and policy 

guidance on this controversial practice in healthcare market.  

Theoretically, I enrich the literature on signaling theory by providing 

empirical support for MBGs as signals in an important and unique expert service 

market. Choosing the right clinic is a very important decision for patients and 

has significant monetary and emotional costs. Yet, as highlighted earlier, 

consumers have very limited information with which to make an informed 

decision. Thus, the value of credible signals to select clinics becomes quite 

critical. Although empirical studies have shed light on the signaling role of 

various other marketing tools, evidence on the role of MBGs is scarce. In 

addition, in expert service market where salvage value is low, service is 

customized, and providers have superior knowledge to dominate treatment 

decision, marketing practices such as MBGs may potentially increase 

opportunistic behaviors. However, my study shows that increased monetary 

incentive (i.e., pressure to provide refunds through an MBG) might not 

necessarily lead to higher tendencies to distort treatment or sort the best 

consumers as long as the MBG providers are indeed high quality ones. Finally, 

my study contributes to our understanding of substantive marketing practices 

like MBGs and their role. Literature has argued that MBGs can attract consumers’ 

attention, reduce perceived risk (e.g., Heiman et al 2001), increase purchase 

intention (e.g., Davis, Gerstner and Hagerty 1995) and post-purchase 
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satisfaction (e.g., McCollough and Gremler 2004), and influence emotional 

responses thereby increasing willingness to pay price premium (e.g., Suwelack, 

Hogreve and Hoyer 2011). However, these arguments focus on the effects rather 

than the causes of MBGs because none of these studies can explain why only a 

small proportion of IVF clinics (36% in my case) guarantee MBGs in case of no 

live birth. Only MBGs as signals of quality seems to be a valid explanation 

because only high quality clinics can afford to provide this option.  

The remainder of this article is organized as follows. I begin by reviewing 

the relevant literature on signaling and IVF-related topics followed by a brief 

description of the IVF market and my double-sided sorting model that illustrates 

my refutable prediction. I then describe my unique dataset, provide key model-

free evidence, and discuss my estimation approach and results. I finally conclude 

with an emphasis on implications for theory and practice.   

2.2 Literature Review on MBGs and IVF Industry 

My study relates to multiple streams of literature from marketing, 

economics and public policy. I begin by reviewing signaling theory and its 

relevance to MBGs. It is followed by a brief survey of recent work in the market 

for IVF.   
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2.2.1 The Signaling Role of MBGs 

There is an extensive literature in marketing and economics on signaling 

theory (see Kirmani and Rao 2000 for a comprehensive review of the literature in 

marketing). The theory deals with addressing issues that occur due to hidden 

information in markets characterized by asymmetric information. Briefly, in a 

differentiated product/service market, buyers typically are less informed about 

true product quality than the sellers. This asymmetry in information not only 

deters purchase intention, but may also lead to adverse selection, i.e., high 

quality products being driven out of the market (Akerlof 1970). To solve this 

market failure, sellers often use various marketing tools to send buyers signals 

that are credible and costly to imitate. When the cost of such signals is high 

enough to deter low-quality sellers from mimicking, these signals become 

credible and allow rational consumers to infer quality information and discern 

the high-quality sellers from the low-quality ones (Klein and Leffler 1981). 

Examples of such signals include uninformative advertising (Archibald, Haulman, 

and Moody 1983, Horstmann and MacDonald 2003, Milgrom and Roberts 1986), 

umbrella branding (Erdem 1998, Wernerfelt 1988), brand alliance (Chu and Chu 

1994, Rao, Qu and Ruekert 1999), slotting allowances (Desai 2000), charitable 

donation (Elfenbein, Fisman and McManus 2012), accreditation (Xiao 2010), 

warranties (Spence 1977, Soberman 2003) and MBGs (Moorthy and Srinivasan 

1995, Shieh 1996). 
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The academic literature on the signaling role of MBGs is primarily 

theoretical in nature. Moorthy and Srinivasan (1995) prove that when consumers 

are homogeneous, a MBG is an important signal because price alone is not 

sufficient to signal quality. When consumers are heterogeneous, a MBG can be a 

useful supplement to price as quality signal and may be a superior signal than 

uninformative advertising. Furthermore, Shieh (1996) proves that MBGs and 

price together efficiently signal product quality of a monopoly seller, while the 

provision of MBGs allows the seller to signal with its full-information price.  

The empirical literature on the signaling role of MBGs is significantly 

sparse. Even in the closely related literature on warranties, empirical studies 

often find no general correlation between quality and warranties (e.g., Gerner 

and Bryant 1981; Chu and Chintagunta 2011) although theoretical model 

predicts that high quality should be associated with longer warranty (e.g., 

Spence 1977). To explain these null findings, several theoretical modelers have 

argued that warranties will no longer correlate with high quality 1) when a low-

quality monopolist could absorb the cost of providing a good warranty by 

charging a higher price (Grossman 1981), 2) when buyers’ maintenance effort 

affects product performance and there is double-sided moral hazard (Cooper and 

Ross 1985; Lutz 1989), or 3) when a new entrant competes with an established 

product (Balachander 2001).  



42	  

2.2.2 IVF and MBGs in Health Economics 

One prominent economic analysis of the IVF market is by Hamilton and 

McManus (2012) who study the effects of state-level insurance mandates to 

cover IVF treatment on patient access to IVF and treatment outcome. They find 

that insurance mandates lead to increase in IVF usage, decrease in live birth rate, 

and decrease in treatment aggressiveness and multiple birth risks. They use 

these results to suggest that insurance mandates, by reducing financial pressure, 

lead to market expansion and are welfare enhancing because they draw less 

fertile patients into the market.  

A study that is directly related to ours is by Schmittlein and Morrison 

(2003), who focused on the profitability of clinics offering MBGs. Using a 

theoretical model of clinic behavior and based on (a) assumed price and cost7 

and (b) observed success rates for IVF treatments, they conclude that clinics 

cannot be profitable if they offer MBGs. Their results are robust to clinic 

heterogeneity as well as learning and selection effects across cycles. Based on 

this analysis, the authors suggest that MBG programs can only be profitable for 

IVF clinics if they are successful in luring more fertile patients – those who don’t 

necessarily need IVF treatment – to undergo IVF. This elevates the success rates 

and prevents clinics from paying the patients. This conclusion, again based on 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
7 They assume the price for 3-cycle MBG program is $15,000 and for single-cycle IVF is $7,500; the cost 
per cycle is $6,000; average success rate is 0.22 based on 1996’s data.  
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assumed price and cost, echoes the concern that MBG clinics have the incentive 

to prescreen and select only higher fertility patients (Scott and Silverberg 1998).  

Dukes and Tyagi (2009) offer an alternative explanation for Schmittlein 

and Morrison’s (2003) finding. Specifically, they show that MBG and a la carte 

pricing can be used to segment customers in such a manner that clinics that 

offer MBGs can raise the prices of a la carte menu and hence become profitable. 

Thus clinics offering MBGs can be profitable without having to resort to 

misleading tactics. An additional rationale for the profitability of MBG clinics, 

distinct from that of previous two papers, is that these clinics have higher 

capabilities and are therefore more efficient in providing MBGs at a lower cost 

than lower-quality (hence non-MBG) clinics.  

2.2.3 Literature Summary 

The preceding discussion highlights several streams of literature that are 

relevant to the use of MBGs in the IVF market. Three key elements merit 

emphasis. First, my study provides novel empirical evidence on the signaling 

role of MBGs in a non-traditional context where (a) the salvage value for the 

service, in case the clinic has to fulfill its MBG obligation, approaches zero, (b) 

treatments are customized to patients who are heterogeneous in their ability to 

conceive, and (c) patients cannot verify whether the treatment protocol offered 

to them is the most appropriate for them. Second, previous studies on IVF 
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marketing neither consider the signaling role of MBGs nor disentangle the 

relationship between clinic quality, patient fertility, treatment aggressiveness, 

and treatment outcome. Third, the complex determination of what actually 

constitutes clinic quality makes it elusive to determine a causal inference on the 

role of MBGs in this market. My study addresses all these issues.   

2.3 The Market For In-Vitro Fertilization 

2.3.1 Features of IVF Market and Treatment 

IVF treatments extract considerable physical, emotional, and financial 

toll on patients. Physically, patients seeking IVF treatment go through a tedious 

procedure (see Figure 1 below). To start an IVF cycle, the would-be mother takes 

birth control pills for a few days (as per a clinics’ protocol) and is then injected 

daily with synthetic hormone medications to simulate development of multiple 

eggs. After frequent ultrasound monitoring, the doctor retrieves these eggs on 

an outpatient basis once he/she decides the follicles are mature. Then, the 

embryologist fertilizes the eggs by either mixing them with healthy sperm or 

using the ICSI procedure in the laboratory (hence in-vitro) and cultures the 

embryos for between 2 to 6 days. Based on the quality of the embryos, patient 

age, severity of the patient infertility diagnosis, and results of previous infertility 

treatment, the doctor then recommends the number of embryos to transfer. 
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After agreeing with the patients on the number, these embryos are transferred to 

the patient’s uterus.  

- Insert Figure 1 about here - 

It is pertinent to note a few things here. One, increasing the number of 

embryos can increase the success rate but also increases the chance of multiple 

births, which can have adverse health consequences for both would-be mothers 

and babies. For instance, women with multiple gestations are more likely to 

suffer from hypertension, diabetes, prolonged bed rest, pre-term delivery, 

caesarean section surgeries, and postpartum hemorrhage. Babies born under 

multiple gestations are more likely to be premature, have low birth weight, 

higher hospitalization and mortality rate, and even long-term developmental 

issues such as intellectual, emotional and behavioral problems throughout life. 

As a consequence, multiple births are associated with long-term financial and 

social cost for both the families and the society.  

Emotionally, an IVF treatment requires patients to have high fortitude 

because the process may feel like a “roller coaster ride” with expectations reaching 

their zenith during the treatment but reaching the nadir when it fails. Given that the 

chance of getting a live birth per cycle is only 30% as of 2012, each IVF treatments is 

really a gamble even in the best-case scenario. 
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Financially, IVF treatments are very expensive with an average total cost per 

cycle around $14,5008 in the U.S. Given a median household income of $53,000, the 

cost of undergoing an IVF treatment is financially intimidating. Further, insurance 

coverage for infertility treatment services, particularly for IVF, is extremely 

limited. Without a federal law in the U.S., only eight states have enacted 

mandate that requires insurance coverage for IVF treatments. Even in these 

states, there is a lifetime cap on the amount and most often does not cover 

medications (about $3,000 per cycle) and non-standard procedures. Even though 

price comparison might be valuable under this setting, patients find it difficult 

to compare prices because only a small proportion of IVF clinics list price 

information on their website and these prices usually cover different procedures. 

To explain this phenomenon, Hawkins (2013) listed three reasons: a) doctors 

have a general aversion for discussing prices with patients, b) it is usually 

difficult to predict the accurate cost of treatment before the doctors see the 

patients because each patient is different and needs customized treatment that 

cannot be determined ex ante (e.g., doctors choose the costly ICSI procedure to 

fertilize the embryos only after assessing the quality of the eggs and the sperms), 

and c) clinics want to steer patients’ attention away from the high price that 

potentially deters them from seeking treatment.   

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
8 Average cost of fresh embryo cycle is $8185, medication $3000~$5000, for additional ICSI $1544, and 
for PGD $3550. Source: http://www.resolve.org/family-building-options/making-treatment-affordable/the-
costs-of-infertility-treatment.html  
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2.3.2 Money-Back Guarantees in the IVF Market 

About 36% of IVF clinics in the U.S. offer money-back guarantees (MBGs) 

to supplement the traditional a la carte payment scheme. In practice, MBG 

programs vary across clinics in several aspects. First, MBG programs are given a 

variety of names such as “Shared Risk Program”, “Refund Guarantee Package”, 

“Three-cycle PlusTM”, or “Affordable Treatment Plan”. Second, some clinics 

provide MBGs using their own financial resource while others use third party 

underwriters. Third, the criteria for returning the money back could be either 

pregnancy or a live baby and the refund ranges from 70% to 100% of their 

original payment, excluding medications (approximately $3,000 per cycle). 

Fourth, clinics specify various qualification criteria such as age (usually less than 

40 years), body mass index, and number of previous IVF cycles that failed to 

result in a pregnancy or live birth.   

The IVF market also provides a great context for identifying the signaling 

role of MBGs. In particular, consumer-side moral hazard is unlikely to exist in 

this context because patients always have strong incentive to cooperate with the 

doctors to get live babies rather than getting their money back. In other words, 

patients who seek IVF treatment do so because they sincerely want a live baby 

and are highly unlikely to misuse the service or abuse the contract terms. Thus, 

double-sided moral hazard that could interrupt the signaling role of MBGs 

(Cooper and Ross 1985; Lutz 1989) is not prevalent in this context. Second, both 
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high price and uninformative advertising are not appropriate signaling tools in 

this context. This is because both of them rely on repeat purchase to recoup 

sellers’ signaling investment (Kirmani and Rao 2000), but this rarely happen 

because infertility patients usually do not come back to the market within a few 

years. Finally, industry associations (e.g., SART) impose strict restrictions on 

what IVF clinics can say and claim in their advertising efforts (e.g., no 

comparison on pricing and success rates). Thus, MBG seems to be a promising 

and important signaling tool.      

However, due to the “expert service” features of the IVF market I have 

mentioned (i.e., low salvage value, uncertain outcome, customized service, and 

providers’ superior knowledge), the provision of MBG may exaggerate the clinics’ 

opportunistic behaviors. For one thing, clinics offering MBGs might adopt more 

aggressive treatment protocols, such as using higher dosage of hormone 

medicine or transferring greater number of embryos, to improve success rate. In 

addition, compared to non-MBG clinics, MBG clinics might also “sort” amongst 

patients and only serve the relatively higher fertility patients boosting their 

success rates. This could be achieved by either turning down lower fertility 

patients using prescreening tests or by convincing higher fertility patients to 

(unnecessarily) use IVF treatment.   
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2.3.3 Patient Fertility and Double-sided Sorting 

A key feature in the IVF (and other healthcare service) markets is that 

patients are heterogeneous in fertility (i.e., quality) and the overall distribution 

of patient quality for a clinic (i.e., firm) can affect the clinic’s overall treatment 

protocol and treatment outcomes. A natural question then is to examine 

whether MBG clinics differ from non-MBG clinics on the type of patients they 

attract and draw some testable implications. I illustrate these using a simple 

model similar to Schmittlein and Morisson (2003) and Hamilton and McManus 

(2012).  

Assume that patient k has innate fertility rate Fk ∈ [0, 1] where 0 indicates 

an extremely low probability of conceiving while 1 indicates an extremely high 

probability of conceiving naturally. The success rate of the IVF treatment 

depends on the patient’s innate fertility, the treatment they undertake, and 

some random error term. Successful conception for a patient k can therefore be 

represented by the following equation.  

(1) Success!   =   φ     Tr, F!   +   ε! =
F! +   ε!                                                  if  Tr = N
F!
!/! +   ε!                                if  Tr = IVF

 

             Where ϕ (⋅) captures the probability of conception and is assumed to be 

monotonic in Fk. A patient attempting conception can choose to conceive either 

through “natural conception” (N) IVF, or IVF with MBGs. 1/Δ∆ captures the 

treatment effect, where Δ∆  > 1 and can be affected by both clinic service quality 
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and treatment aggressiveness. Note that as Δ∆ becomes bigger, the treatment 

becomes more effective. εk captures the uncertainty in the input-output process. 

The expected utility from a given treatment Tr for patient k with innate 

fertility Fk is given by 

(2) EU(  Tr|  F!  ) = φ  (  Tr, F!  )  V!"   + [  1−   φ  (  Tr, F!  )  ]  V!"  –   P!" 

             where V1k  is the value to patient k from birth of a live baby, V0k is the 

value for patient k from no birth, and P indexes the price paid by the patient. For 

simplicity, I normalize V0k = 0, PN  = 0 and assume that PIVF > PN. Then, equation 2 

can be re-written as  

(3) 

EU(  Tr|  F!  ) =
φ     N, F!   V!"                                                      if  Tr = N
φ     IVF, F!   V!"  –   P!"#              if  Tr = IVF  

                                                  =
F!V!"                                                                                if  Tr = N
F!
!/∆V!"  –   P!"#                                          if  Tr = IVF

 

            My simple model allows me to build some testable hypothesis. First, 

consider the patient’s choice of treatment between natural conception, N, and 

IVF. My model specification implies that only patients with F! ∈ [F!, F!], 

0 < F! < F! < 1 will prefer IVF over natural conception. A graphical rationale 

for this statement is provided in Figure 2.1 and Figure 2.2. In other words, a 

patient with moderate fertility will get higher expected utility from IVF than 

from natural conception whereas a patient who is very infertile or very fertile 

will prefer to choose natural conception. This is intuitive because patients with a 

very high probability of conceiving a baby (i.e.,F! ∈ [F!, 1)) do not need IVF and 
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will prefer natural conception (N). Likewise, patients with a very low probability 

of having a baby (i.e.,F! ∈ (0, F!]) will prefer natural conception (N) over IVF 

because the improved success rate from using IVF cannot justify the cost of IVF 

(i.e., P!"#). 

- Insert Figure 2 about here - 

             Now consider the choice between IVF without MBGs and IVF with MBGs. 

To make this choice decision equitable, I compare the expected utility a patient 

k can get from both scenarios for trying up to three cycles. This is because the 

price for almost all MBG programs covers multiple cycles (usually three) and 

money is refunded only at the end of third failed IVF cycle. A rational patient 

will therefore evaluate her utility for getting a live birth from either one, two or 

three cycles a la carte versus the utility of using a three-cycle MBG program. 

Assume that a patient k chooses IVF treatment without MBG commits to 

three cycles. She will pay P!"#  if she succeeds in the first cycle, 2P!"# if she 

succeeds in the second cycle, and 3P!"#  if she succeeds in the third cycle. Let φ be 

φ  (IVF, F!), P!"# be the price of single IVF cycle without MBGs, and P!"# be the 

price of MBG covering up to three cycles. Then, the expected utility for trying up 

to three cycles of IVF treatments without MBG is given by 

(4) 

EU(Tr = IVF!!"#!"#$|  F!  ) 

= [1− 1− φ !]V!" − P!"#φ+ 2P!"#φ 1− φ + 3P!"# 1− φ !  

= 1− 1− φ ! V!" − P!"# φ! − 3φ+ 3  
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while the expected utility for patient k for trying up to three cycles of IVF 

treatments with MBG is given by 

(5) 

EU Tr = IVF!"# F!) 

= 1− 1− φ ! V!" − P!"# 1− 1− φ !  

= 1− 1− φ ! V!" − P!"#φ φ! − 3φ+ 3  

 From equations 4 and 5, I get  

(6) 

EU(Tr = IVF!!"#$%&'|  F!  )− EU Tr = IVF!"# F!) 

= (P!"#φ− P!"#) φ! − 3φ+ 3  

= (P!"#φ− P!"#)[ φ−
3
2

!

+
3
4] 

Because φ− !
!

!
+ !

!
> 0 for any value of φ, EU(IVF≤ 3Cycles|Fk) < 

EU(IVFMBG|Fk) when φ < !!"#
!!"#

, i.e., F! < F! < ( !!"#
!!"#

  )∆ < F!. Similarly, EU(IVF≤ 

3Cycles|Fk) > EU(IVFMBG|Fk) when φ > !!"#
!!"#

 or  F! < ( !!"#
!!"#

  )∆ < F! < F!. In other 

words, this suggests that a relatively lower fertility patient k (i.e., F! < ( !!"#
!!"#

  )∆) 

gets higher expected utility under IVF with MBGs than under IVF without MBGs, 

while a relatively higher fertility patient (i.e., ( !!"#
!!"#

  )∆ < F!) will prefer IVF 

without MBGs.  

This analysis suggests that, absent clinic sorting, a relatively low fertility 

patient may tend to choose IVF with MBGs while a relatively high fertility 

patient may tend to choose IVF without MBGs. Said otherwise, absent clinic 

sorting, if patients could select clinics based on clinics’ MBG provision, one 
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would expect to see MBG clinics to have patients with lower fertility compared 

to IVF clinics that do not offer MBGs.    

On the contrary, if clinics offering MBGs sort patients, then one would 

expect to see clinics that offer MBGs to have better quality (more fertile) 

patients than non-MBG clinics. Note that both MBG clinics and non- MBG 

clinics have an incentive to sort and get higher fertility patients albeit for 

different motivations. Both MBG and non-MBG clinics would like to enhance 

their success rate information disclosed to SART and CDC by sorting high quality 

patients. However, MBG clinics have an additional incentive to sort patients if 

they are pretending to be high quality and using MBGs to lure patients. What 

this implies empirically is that one can only distinguish between relative sorting 

behavior, i.e., are MBG clinics sorting more or less compared to non-MBG clinics. 

2.4 Data 

I compile a unique dataset from four different sources for the years 2010 

to 2012. Tables 1 and 2 provide the summary statistics. In the following sub-

sections, I discuss the features of each subset of data and key variables. 

- Insert Table 1 and Table 2 about here - 

2.4.1 Clinic Treatment Statistics 

I obtain data containing clinic-level treatment and outcome statistics 

from the Centers for Disease Control and Prevention (CDC). The dataset includes 
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information on treatment input (e.g., number of embryos per transfer) and 

treatment output (e.g., percentage of cycles resulting in live births and multiple 

births; number of cycles; etc.) within five different age groups, clinic 

characteristics (e.g., service availability for single women and gestational carrier; 

usage rate for ICSI and PGD; whether the clinic is a SART member or has lab 

accreditation; etc.), and patient characteristics for a given clinic (e.g., proportion 

of patients with specific diagnosis).  

The reporting of treatment statistics by different age groups allows me to 

compare the key variables within an individual age group. This is important 

because female fertility decreases rapidly after the age of 35 (CDC 2012). In 

addition, my analysis focuses on fresh non-donor egg treatments, which account 

for about 63% of all IVF cycles intending for embryos transfer (vs. 

cryopreservation)9. Table 2 shows that on average, clinics conduct 249 cycles 

annually, transfer 2.25 embryos per cycle, achieve a live birth rate per cycle of 

30.4%, and a multiple birth (triplet or more) rate per cycle of 2.5%.  

2.4.2 MBGs, Price, and Number of Doctors and Embryologists 

I supplement the main dataset with additional information on MBGs, 

price, doctors and embryologists obtained from each clinic’s website and 

Internet Archive (archival.org). About 75% of the clinics in the U.S. have their 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
9 In year 2012, 456 IVF clinics reported operation of 157,662 cycles intending for embryo transfer, 
including 99,665 fresh non-donor cycles, 38,150 frozen non-donor cycles, 10,954 fresh donor cycles, and 
8,893 frozen donor cycles. 
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own websites, leaving me a dataset with 984 clinic-year data combinations. I 

collect data on whether a clinic provides MBGs, the criteria for offering MBGs 

(live birth vs. pregnancy), percentage of MBG refund (70% or 100%), the number 

of doctors (i.e., endocrinologists and urologists) and embryologists (i.e., lab 

director and entry-level embryologists) employed at each clinic, the regular IVF 

price and the MBG price. I see dramatic variation in what is covered in the price; 

hence, to facilitate comparison I standardize the price information by deducting 

from the list price the average cost of prescreening, monitoring, medications, 

ICSI, PGD, assisted hatching (AH), anesthesia, and embryo cryopreservation. On 

average, about 36.5% of clinics offer MBGs, 35% provide price information on 

their websites, and clinics have 2.9 doctors and 1.4 embryologists.  

2.4.3 Insurance Mandate 

I obtain state-level insurance mandate information from Resolve: The 

National Infertility Association, and follow the categorization used by Hamilton 

& McManus (2012), Schmidth (2007), and Jain et al (2002) Infertility insurance 

mandates vary widely in their comprehensiveness (e.g., cover vs. not cover IVF 

treatment, cover vs. offer coverage for fertility treatment), reimbursement 

lifetime cap, and eligibility requirements. Only eight states have enacted 

insurance mandates requiring insurers to cover IVF treatments and three of 

them have strict restrictions (e.g., patients cannot use donor sperm; HMOs are 
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exempted, etc.). In addition, seven states have mandates requiring coverage for 

some infertility treatments but have no bearing on the coverage for IVF. The 

remaining 35 states and the District of Columbia do not have any infertility 

mandate. For brevity, I construct a dummy variable InsMandateit to distinguish 

the fifteen states that offer coverage for IVF from the other 42 states. On average, 

about of clinic-year observations operate in states under InsMandateit (see 

Appendix A). 

2.4.4 Competition, Demographics and Medical Wage Index 

To measure competition, I use the U.S. metropolitan statistical areas 

(MSAs) as geographic boundaries for local markets for IVF services. I do so for 

two reasons. First, IVF treatments require frequent clinic visits and extra 

physical care that discourages most couples from traveling much farther than 

their metropolitan area to seek treatment. Second, only four clinics (with 12 

clinic-year combinations) operate outside an MSA (then I use micropolitan area 

in those cases). I have 150 MSAs (approximately 40% of all U.S. MSAs) that have 

at least one IVF clinic in 2012. In general, local markets for IVF treatments vary 

substantially in terms of number of clinics serving the market (M = 9; SD = 10.36). 

In 2012, about 15% of markets having IVF clinics are served by a single clinic 

while 50% of markets have six or more clinics. The Los Angeles area, for example, 

has 35 IVF clinics operating within it. I also secure data on demographic 
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characteristics like MSA population and state income from the U.S. Census 

Bureau. To construct an instrumental variable to capture the clinic’s financial 

scale, I also collect data on the medical wage index (by metropolitan and 

micropolitan areas) from the Centers for Medicare & Medicaid Services (CMS)10.  

2.5 Key Variables 

Appendix B provides a summary of my measures. I focus on the key 

variables below.  

Clinic Characteristics (Xit and Xijt). I use the total number of doctors 

employed by the clinic as a measure for clinic scale. Clinic capability was 

indexed by (a) whether the clinic had an embryologist on its staff and (b) the 

average live birth rate across all age groups for all the years of the clinic’s 

existence. In addition, I measure clinic experience with the total number of 

cycles completed over all previous years as well as the total number of years the 

clinic has existed in the market. To measure the clinic service scope, I construct 

dummy variables that captures whether the clinic offered surrogate service. I 

also construct a SART membership dummy to measure whether the clinic has 

industry accreditation. To make regular price and MBG price comparable, I 

construct the price variable as the minimum of the regular single-cycle price and 

MBG price divided by number of covered cycles. This is because the price for 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
10 Based on hospital wage costs, CMS annually renews the hospital wage index by dividing the average 
hourly wage of each core based statistical area (CBSA) by the national average hourly wage. CBSA refers 
collectively to both metropolitan and micropolitan areas. 
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MBG program is a lump sum amount covering multiple cycles. Since a majority 

of the clinics (65%) do not provide price information on their websites, I also 

construct a No Price dummy variable, which equals to one when there is no price 

information and equals to zero when there is price information. At last, to 

account for variation across age groups, I change the clinic level previous live 

birth rate to age-group level previous live birth rate in Xijt. 

Environmental and Demographic Characteristics and Year Dummy (Eit). I 

capture environmental characteristics such as the type of insurance mandate 

prevailing in that particular MSA, number of competitors in the MSA, and the 

number of MBG competitors in the MSA. In addition, I capture demographic 

characteristics such as average state income and MSA population. I also control 

for yearly fixed effect using two dummies for year.  

MBG (MBGit). A dummy variable indicates whether a clinic provides MBG 

program.  

Patient Fertility (PatFertit). Infertility diagnoses are consistently associated 

with a prognosis for a successful pregnancy after IVF. Some diagnoses are much 

difficult to treat than other diagnoses. For example, diminished ovarian reserve 

is associated with the lowest live birth rate of 17.1% while ovulatory dysfunction 

has the highest live birth rate of 37.5%. This allowed me to construct a patient 

fertility variable by adding up the products of each diagnosis d’s national live 

birth rate (SuccessRate!") I obtain from CDC and proportion of clinic i’s patients 
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having diagnosis d (%Diag!"#), that is, PatFert!" =    SuccessRate!"!"
!!! %Diag!"#. 

Higher value in PatFert!"  indicates higher patient fertility. Since a patient might 

have multiple primary diagnoses, the sum of over 10 diagnoses might be greater 

than 1 for clinic i. Hence, PatFert!" could be higher than 1. It is worth noting that 

patient (women) age is also highly related to patient fertility (CDC 2012). 

However, as CDC organizes the data by different age groups, my comparison on 

treatment input and output between MBG and non-MBG clinics on both clinic 

level and individual age group level can alleviate this concern.   

Treatment Aggressiveness (EmbryoNumijt/it). I use the average number of 

embryos per transfer for separate age groups to measure treatment 

aggressiveness EmbryoNumijt. I also calculate clinic-level measure EmbryoNumit 

by dividing total number of embryos transferred by total number of cycles in a 

clinic. 

Treatment Outcomes (LvBirRateijt/it, MultBirRateijt/it, CycleNumijt/it). I use 

average live births per 100 cycles to measure success rate or short-term 

outcomes. Then I use average chances of getting triplets or more births per 100 

cycles to measure multiple birth risk or long-term outcomes. I do not include 

twins in calculating multiple birth risk because having twins is often considered 

socially desirable. At last, my measure for demand is the total number of cycles 

operated by the clinic in a given year. Note that this measure is only an 

approximation because a greater number of cycles could be the result from 
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having a greater number of patients or greater number of cycles per patient or 

both. My aggregate, clinic-level data does not enable me to separate these two 

possibilities.   

2.6 Model Framework  

My research question aims to identify whether clinics that offer MBGs are 

signaling service quality or are utilizing MBGs to lure and sort out higher fertility 

patients and/or offer them unnecessary and risky service (treatment). This is 

difficult to test in service sectors because objective, unambiguous, and complete 

measures of service quality are difficult to obtain. In traditional markets, an 

acceptable compromise is to use consumer perceived quality, such as product 

reliability in Consumer Reports (e.g., Chu and Chintagunta 2011), as a measure 

of quality. In the market for IVF as well as other expert service markets, service 

outcomes such as success rate or mortality rate seem to be appealing measures 

for service quality. However, consumers cannot accurately judge the service 

(treatment) appropriateness even if the service outcome is observed (Emons 

1997, Dulleck and Kerschbamer 2006). For instance, if a patient does not secure a 

good outcome after a medical treatment, it is unclear whether the outcome is a 

result of not being properly treated (i.e. a poor quality physician) or simply 

because of the uncertain nature of the diagnosis and the illness. My task is 

further complicated by the fact that there is considerable heterogeneity in the 
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innate fertility of the patients. Thus, while patients have an incentive to identify 

higher quality clinics, clinics also have an incentive to sort out more fertile 

(higher quality) patients in order to improve success rate. Furthermore, clinics 

may increase success rate with unnecessarily aggressive treatment, which may 

be risky for the patients who, however, do not have sufficient expertise to detect 

deliberate overtreatment. Under such circumstances, focusing only on outcome 

variables like success rate will not be sufficient to satisfactorily answer my 

question.  

Hence, to test signaling theory in the IVF context, one will have to 

examine how MBG offering is related to patient fertility, as well as treatment 

input decisions and treatment output. My approach essentially involves 

identifying a set of results across key variables that shed light on whether MBGs 

act as signals of quality or are just marketing gimmicks to lure patients.  

2.6.1 Predictions under Quality Signal versus Marketing Gimmick Scenarios 

When clinic sorting and aggressive treatment are possible, the use of 

MBGs might exaggerate MBG clinics’ incentive to behave opportunistically. To 

distinguish between the quality signal conjecture and marketing gimmick 

conjecture, I have to look at the combination of multiple factors. On the one 

hand, if MBG clinics are getting lower fertility patients compared to non-MBG 

clinics, if they transfer fewer/similarly numbers of embryos per cycle, have 



62	  

lower/similarly multiple birth risks, and yet achieve higher live birth rates, I can 

conclude that MBG clinics are of higher quality and MBGs are more likely to be 

quality signals rather than marketing gimmicks. On the other hand, if MBG 

clinics are getting higher fertility patients compared to non-MBG clinics, if they 

transfer more numbers of embryos per cycle, have higher multiple birth risks, 

and achieve lower/similar live birth rates, I can conclude that MBG clinics are 

hurting consumers (i.e., patients) by using MBGs as marketing gimmicks rather 

than serving as signals of service quality.  

2.6.2 Model-Free Evidence 

In this section, I use model-free analyses (2-sample t-tests) to investigate 

whether there are differences between MBG and non-MBG clinics. I will 

henceforth focus on analyzing and interpreting the results for women (i.e., 

patients) below 40 years of age. I do so primarily for two reasons. First, the 

sample sizes for older age groups (41 ~ 42, 43 ~ 44) decrease dramatically 

because many small clinics do not have patients in that age group. This sample 

bias can lead to a biased estimation. Second, most MBGs plans restrict MBG 

eligibility to women below 40 years of age. Note that this age restriction makes 

my test more conservative. Specifically, younger women tend to be more fertile 

and are more likely to conceive naturally compared to older women. Clinics then 

have a higher incentive to sort among younger than older women.  
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Figure 3 as well as the last columns in Tables 1 and 2 shows the results for 

these model-free analyses. In general, the results indicate that compared to non-

MBG clinics, MBG clinics are more likely to a) provide peripheral service, have 

SART membership, and obtain lab accreditation, b) have longer industry 

experience and have more numbers of doctors and embryologists, c) accept 

slightly lower fertility patients (independent of age), d) operate more number of 

cycles, e) use less aggressive treatment, f) secure higher success rate, and g) 

impose lower multiple birth risks. All of these measures are observable measures 

of clinic characteristics, patient fertility, treatment input and output. Overall the 

model-free analyses seem to suggest that MBG clinics are of higher quality than 

non-MBG clinics.   

- Insert Figure 3 about here - 

2.6.3 Model Specification  

I now empirically and formally examine the relationships between MBG 

offering and patient fertility, treatment inputs (number of embryos) and 

treatment output (short-term live birth rate and long-term multiple birth rates) 

by controlling for a variety of factors.   

Patient Fertility and Treatment Inputs. To examine whether MBG clinics 

and non-MBG clinics differ in patient fertility and treatment aggressiveness, I 

first estimate equations 7 and 8 using an ordinary least squares (OLS) approach:  
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(7) 
PatFert!" = β! + X!"β! + P!"β! + E!"β! + β!MBG!" + ε!" 

                              where PatFert!" =    SuccessRate!"  %Diag!"#!"
!!!  

(8) EmbryoNum!"   = γ! + X!"γ! + P!"γ! + E!"γ!+  γ!MBG!" + γ!PatFert!" + η!"   

Subscripts i and t index the clinic and year, respectively. In equation 7, 

PatFertit is the variable I construct to describe clinic i’s average patient fertility 

in year t. MBG!" is a dummy variable indicating clinic i’s MBG decision is binary 

in nature. The sign of coefficient β! captures whether MBG clinics have higher or 

lower fertility (quality) patients. This is the coefficient of interest and the sign 

varies depending on combined effect of patient sorting and clinic sorting. Vector 

X!" is a vector of variables containing observed clinic characteristics such as 

natural log of number of doctors, the embryologist dummy, average previous live 

birth rate, natural log of total number of previous cycles, the surrogate service 

dummy, and the SART member dummy. Vector P!" contains natural log of actual 

price as well as a “No Price Dummy” which equals to one if there is no price 

information. Vector E!" contains 1) environmental characteristics such as the 

natural log of number of competitors in its MSA and the infertility insurance 

dummy, 2) demographic characteristics including the natural log of a clinic’s 

average state income and natural log of a clinic’s MSA population, and 3) a 

dummy variable for each year in the data. The error term ε!"  ~  N 0,σ!"!  accounts 

for unobserved clinic characteristics. The standard errors were clustered by clinic 

id in this as well as the other estimations.  
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In equation 8, EmbryoNumit is the average numbers of embryos per 

transfer for clinic i in year t. Most importantly, I include variable PatFert!" in the 

regression to capture the impact of patient fertility on the number of embryos 

transferred. Keeping patient fertility constant, if MBG clinics tend to transfer 

fewer numbers of embryos (negative γ!), one could infer that MBG clinics might 

be of higher quality because a less aggressive treatment indicates more 

confidence in achieving high success rate without creating higher long-term 

risks from multiple births. Even when MBG clinics transfer similar numbers of 

embryos, one could still infer that MBG clinics are of higher clinic quality as long 

as they achieve higher success rate.  

Treatment Output. I next specify the OLS estimations for treatment 

outcome variables including the live birth rate and multiple birth rate: 

 (9) 
LvBirRate!" = δ! + X′!"δ! + P!"δ! + E!"δ! + δ!MBG!" + δ!PatFert!" 

+  δ!EmbryoNum!" + ξ!" 

(10) 
MultBirRate!" = µμ! + X′!"µμ! + P!"µμ! + E!"µμ! + µμ!MBG!" + µμ!PatFert!" 

+  µμ!EmbryoNum!" + φ!"   

In equations 9 and 10, LvBirRateit  is the clinic-level live birth rate, or the 

number of live births per 100 cycles, a key measure of short-term treatment 

outcome. MultBirRateit is the clinic-level rate of multiple births, or the number 

of triplet or more births for every 100 pregnancies, a key measure of long-term 

risks for the patients. Vector X’it contains all variables in X’it except for average 
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previous live birth rate. Keeping patient fertility (PatFertit) and treatment 

aggressiveness (EmbryoNumit) fixed, if MBG clinics are of higher quality, one 

should expect δ! to be positive and µμ! to be negative (or insignificant because 

multiple-birth risk can be fully explained by aggressive treatment).  

2.6.4 Endogeneity, Instrument Variable (IV), and IV Estimation 

There are two potential sources of endogeneity in my model. First, the 

choice of MBG decision is not independent and may be correlated with factors 

that affect my dependent variables. Second, the MBG decision may also be 

correlated with unobserved patient quality. Empirically, unobserved clinic quality 

can also affect the parameter for MBG. However, this is the impact I am looking for: 

only if MBG clinics have higher unobserved clinic quality can we expect them to 

use less aggressive treatment or get higher success rate after controlling for 

observed clinic quality indicators. I take care of MBG choice by building a full 

information maximum likelihood (FIML) model (e.g., Xiao 2009) that accounts 

for the choice of the MBG decision and instrument for patient fertility. Note that 

the number of embryos decision is also endogenous, but I do not account for it 

since it is not the focus of this study. 

I now explain my process of choosing the instrumental variables. Despite 

accounting for observed patient fertility, it is possible that doctors use other 

patient fertility indicators that are unobserved to an econometrician to sort 
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patients. Patient medical history, hormone levels, previous pregnancy 

information, and previous fertility treatments are all good examples of such 

factors. The direction of bias that these unobserved patient fertility indicators 

introduce in γ!, δ!, and µμ! depends on the type of clinics that are more likely to 

sort among patients. For instance, high quality (i.e. more fertile) patients may be 

attracted to MBG clinics to insure against the risk of failure. Likewise, clinics 

may screen for high fertility patients to avoid paying the money back. In such 

instances, parameters γ!, δ!, and µμ!  will be overestimated (in absolute values) as 

they absorb the impact of unobserved patient quality on treatment input and 

output. On the other hand, MBG clinics could also be getting lower fertility 

patients if low fertility patients have a greater preference for MBG clinics leading 

to parameters γ!, δ!, and µμ! to be underestimated.  

To control for this potential endogeneity issue, I use an instrument 

variable approach. A valid instrumental variable for MBG should affect the 

clinics’ tendency to offer MBG, but not affect treatment aggressiveness (i.e., 

EmbryoNumit) and treatment outcomes (i.e., LvBirRateit and EmbryoNumit) 

except through its impact on MBGs. In addition, a valid instrument should be 

uncorrelated to patient fertility either through patient or clinic sorting. 

Following these principles, I identify three such instruments.   

Following Berry (1994) and Berry, Levinsohn and Pakes (1995), I use 

characteristics of other clinics in the market as the first and second instruments. 
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Specifically, I calculate the first instrument AvgSurrogateit as the mean of 

surrogate service of all the competitive clinics in the focal clinic’s local market 

(i.e., MSA). I then use the total number of MBG clinics in the focal clinics’ local 

market, MBGCompetitorit, as the second instrument. The rationale for these two 

IVs is that whereas the characteristics of other clinics in the market, such as 

whether they offer surrogate service or MBG, are likely to affect the focal clinic’s 

MBG decision, these characteristics will not affect the focal clinic’s treatment 

quality or patient fertility. 

I also construct a third instrument, a cost shifter, MedCostit as the product 

of the number of embryologists in clinic i and the prevailing medical wage index 

in that MSA (or micropolitan area). The medical wage index represents the 

general expense of healthcare in a local market (i.e., CBSA) and thus potentially 

affects the MBG incentive of IVF clinics in this market. However, this measure is 

constructed at the MSA level. To introduce clinic-level variation I multiply this 

medical wage index by the number of embryologists in the focal clinic. This 

variable captures clinic i’s cost of maintaining its embryology laboratory and 

reflects this clinic’s financial capability, both of which directly impact the 

clinic’s ability to provide MBG. Further, the cost of maintaining the embryology 

laboratory does not necessarily affect treatment quality for two reasons. First, 

the number of embryologists in a clinic measures the clinic scale, and does not 

necessarily imply better service quality. A clinic might need more embryologists 
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simply because it is in a good location that generates high demand. Second, the 

embryologists’ proficiency in handling embryos and microscopic instruments 

and consequently treatment quality is determined by the training, hands-on 

experience and years of practice that the embryologists have. In essence, there is 

no spillover effect or economies of scope from having more embryologists. 

Using AvgSurrogateit, MBGCompetitorit, and MedCostit as exogenous 

instruments for endogenous variable MBGit, I re-estimate equations 8, 9, and 10 

by allowing error terms of dependent variables and that of MBGit to be correlated 

with bivariate normal distribution i.e. (η!"#, ξ!"#,φ!"#), ϵ!"  ~  N !
! ,

    !            !!!
!!!      !!!

, where 

ϵ!" is the error term associated with the choice of MBGit. If ρ ≠ 0, MBG is 

endogenous and the original OLS estimations yield biased estimators. I conduct 

FIML estimation using TREATREG in STATA. 

2.7 Result 

2.7.1 OLS Estimation Results 

For brevity, I present the results for clinics across all age groups. The 

Appendix C contains analysis by separate age groups. The results are broadly 

consistent. The OLS estimation for PatFertit (see Column 1 in Table 3) shows an 

insignificant coefficient for MBG!" (-.004) suggesting that MBG clinics and non-

MBG clinics are treating patients with similar fertility. While the coefficient is in 
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the expected direction, it is likely that controlling for clinic quality reduces the 

variance around the MBG variable leading to the insignificant result. 

Table 3 also reports the OLS estimates for EmbryoNumit, LvBirRateit, and 

MultBirRateit within a clinic across all age groups. Column 2 shows the results 

from regressing EmbryoNum!" against MBG and other control variables. I find 

that MBG clinics are using less aggressive treatment (-.069, p < .05) after 

controlling for observed patient fertility. This seems to suggest that compared to 

non-MBG clinics, MBG clinics are more efficient in their treatment and in 

minimizing the risks to both the mother and the babies. I also find that clinics 

that are SART Members (-.115, p < .01) and that in states without infertility 

insurance mandate (0.156, p < 0.01) are more likely to implant fewer numbers of 

embryos per transfer. Column 3 displays the results from a regression with 

LvBirRate!" as the dependent variable. The coefficient for MBG!" is positive and 

significant (2.180, p < .05) suggesting that MBG clinics are better at getting 

higher live births compared to non-MBG clinics. Finally, column 4 shows the 

results from a regression with MultBirRate!" as the dependent variable. The 

coefficient for MBG!" is negative but insignificant (-.097, p >.10) suggesting that 

procedures adopted by MBG clinics do not cause multiple birth risks any more 

than non-MBG clinics. Also note that that increasing the number of embryos 

implanted per cycle leads to decrease in live birth rate (-2.607, p < 0.05) and 

increase in multiple birth rates (2.253, p < .01).  
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- Insert Table 3 about here - 

Recall that my empirical strategy was to examine the relationship 

between MBG offering and different dependent variables in order to establish a 

consistent pattern that would either support signaling or sorting. The results 

reported above seem to suggest that clinics that offer MBG do not differ from 

clinics that do not offer MBGs in terms of patient fertility, use more efficient 

treatment inputs and produce better treatment output at much lower risks to 

patients and babies. This seems to support the signaling rationale rather than 

the marketing gimmick rationale.  However, the current results do not account 

for unobserved patient fertility. I turn to those results next.  

2.7.2 IV Estimation Results 

To empirically establish the credibility of my instruments and check for 

weaknesses, I first note that all my instruments significantly correlate with the 

endogenous variable MBGit (for MBGCompetitorit ρ = -.113, p = .000, for 

AvgSurrogateit ρ = -.131, p = .000, MedCostit ρ = -.160, p = .000). The joint LR test 

for the three instruments from the first step yields χ2(3) = 56.13, indicating that 

these three instruments together are strong. To sum, my instruments are 

credible and not weak.  
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Table 4 reports the results from the FIML estimation for EmbryoNumit, 

LvBirRateit, MultBirRateit using all three instruments11. In the last row, LR tests 

for independent equations for all estimations reject the null hypothesis that 

error terms are independent (ρ = 0), confirming my concerns regarding 

endogeneity. The estimates of all other parameters are similar to those obtained 

in the regression analysis. However, the estimated parameter coefficients on 

MBGit are significantly larger in absolute values than their simple regression 

counterparts where I assume that the MBG decision is exogenous. Specifically, 

the significantly negative estimation for γ! (see Column 1) suggests that, 

everything else being equal, MBG clinics on average transfer 0.392 fewer 

embryos than non-MBG clinics. Next, the significantly positive estimation for 𝛿! 

(see Column 2) indicates that MBG clinics achieve about 15.8% higher success 

rate than non-MBG clinics. Finally, the significantly negative estimation for   𝜇! 

(see Column 3) shows that MBG clinics are imposing 1.56% lower multiple birth 

rate than non-MBG clinics.   

- Insert Table 4 about here - 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
11 I conduct the Hausman over-identification tests with one, two and three instruments specifications. The 
tests are not able to reject the null hypothesis that difference in estimates produced by the different 
specifications is not systematic. 
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The increase in magnitude of the parameters for MBGit could be because 

overall, MBG clinics are getting comparatively lower fertility patients than non-

MBG clinics. Recall that this is in line with my prediction that MBG clinics would 

attract patients from the lower end of the fertility distribution (i.e., patient 

sorting). The OLS parameters for MBGit absorb the effect of lower patient fertility 

(negative effect on EmbryoNumit and positive effects on LvBirRateit and 

MultBirRateit) and are therefore underestimated if I disregard the endogeneity of 

clinics’ MBG choice.  

Collectively, I find that clinics offering MBG programs secure higher 

success rates and impose lower long-term risks on patients using less aggressive 

treatments and without sorting higher fertility patients as compared clinics not 

offering MBG programs. Given the direction of estimation bias for parameters of 

MBGit, it is possible that MBG programs, just like insurance mandates (Hamilton 

and McManus 2012), draw in infertile couples who would have avoided IVF 

treatment altogether by reducing their financial risks.  

In Appendix C, Column 1 in Appendix C.1 shows how MBG decision is 

determined by a series of clinic characteristics and environmental characteristics. 

Columns 2 ~ 5 in Appendix C.1 show that MBG clinics operate much more total 

number of cycles in a year on both clinic level and individual age group level. 

Appendix C.2 ~ Appendix C.7 show the OLS estimation and FIML estimation for 

EmbryoNumit, LvBirRateit and MultBirRateit on individual age group level.  
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To account for the possibility that clinics that exit or enter the IVF market 

during year 2010-2012 lead to my current result, I also analyze the sub-sample 

with only clinics (708 observations) existing for three consecutive years and the 

estimations are similar to my current result.  

2.8 Discussions and Contributions 

The market for IVF treatment is a unique context at the intersection of 

marketing, healthcare economics, and public policy. The treatment is not only 

emotionally, financially, and physically challenging but also fraught with 

potential risks for both the would-be mothers and the babies. Furthermore, 

given the technically complex nature of the service and the need to customize 

the service to each patient’s condition (e.g., how many embryos to transfer?), 

there is significant information asymmetry between the patients and the service 

providers. This asymmetric information increases clinics’ potential to 

opportunistically prey on vulnerable and poorly informed patients. The 

introduction of MBG programs, with which clinics have to pay back the patients 

in case they fail to deliver a live baby, heightens such opportunistic concerns 

because these MBG clinics then have higher incentive to sort out and treat only 

the more fertile patients and/or overtreat patients with more aggressive 

treatment protocols. In the absence of much evidence, one can see why MBGs 

have been denounced as nothing more than marketing gimmicks. 
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I take a fresh look at this controversy and offer an alternative rationale. 

Rather than being marketing gimmicks, MBGs can be offered by high quality 

clinics and, as such, MBGs act as signals of quality. I construct a comprehensive 

dataset and estimated multiple models that allow double-sided sorting; i.e. 

patients can seek out higher quality clinics and clinics can also sort higher 

fertility patients. Using an IV approach, I solve the endogeneity concern of MBGs 

due to unobserved patient fertility. I find that MBG clinics achieve higher 

success rate and operate more IVF cycles. More importantly, they treat patient 

less aggressively, do not get higher innate fertility patients, and even impose 

lower multiple birth risks. All these findings, collectively, enable me to conclude 

that MBGs clinics are more likely to be high quality clinics and are able to afford 

these seemingly costly MBG programs. Since low quality clinics cannot afford to 

mimic this action, rational patients can therefore infer that it is the high quality 

clinics that are offering MBGs.   

It has been argued that MBGs, by alleviating the patients’ financial 

pressure, decrease their stress level and hence achieve better success rate. 

Indeed, anecdotal evidence suggests a great deal of fertility myths regarding 

spontaneous conception after holidays or after adoption when couples do not 

have the stress of trying to conceive. However, a recent meta-analysis (Boivin, 

Griffiths, and Venetis 2011) of 14 studies with 3583 infertile women undergoing 

a cycle of fertility treatment shows that the pre-treatment anxiety or depression 
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caused by infertility or other life events co-occurring with treatment does not 

compromise the chances of getting pregnant. They explain that since IVF 

involves “hijacking” the body’s hormones to override its natural stress response 

system, it is unlikely that any stress-related hormones would impact fertility 

during the IVF process. This finding provides support to my contention that the 

higher success rate of MBG clinics is not due to the stress-relieving role of MBGs, 

but the higher quality of MBG clinics.  

In addition to the theoretical contributions to the literature on signaling 

theory in expert service context, MBGs, and IVF market, my study also provides 

important managerial and public health policy implications. For policy 

advocates, my study answers the controversy about marketing practice such as 

MBG in the IVF and other healthcare market and the concern that MBG 

provision will exaggerate clinics’ opportunistic behaviors. My finding provides 

positive evidence that only high quality clinics can afford this costly program 

and MBGs are actually benefiting patients by providing them a signal of quality. 

As a side note, the non-comparable pricing information I observed shows that it 

will make it easier for consumers to choose the right clinic if government 

regulations require clinics to present price information in a uniform manner 

(Hawkins 2013). These kinds of regulations are not uncommon. For instance, the 

Truth in Lending Act has required all lenders to present cost information about 

loans in a similar manner (15 U.S. Code § 1601). 
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For patients, my analysis rules out the possibility that MBG clinics are 

more likely to sort higher fertility patients or overtreat patients. However, this 

doesn’t mean that no clinic behaves opportunistically in this context. As a 

typical expert service market, the IVF market is featured with heterogeneous 

consumers and heterogeneous clinics. In addition, patients and we researchers 

have the difficulty of perfectly assessing the appropriateness of treatment 

aggressiveness. All these features make expertise fraudulence unavoidable 

(Dulleck and Kerschbamer 2006) and it could be that both MBG clinics and non-

MBG clinics are equally sorting and overtreating patients. Therefore, patients 

who search information on clinic quality should be careful in not just comparing 

different clinics on their live birth rate (i.e. success rate). Rather they should 

complement this comparison with an assessment of additional variables that 

reflect clinic quality including experience (total number of previous cycles 

undertaken or total number of years in the market), clinic size, trainings of 

doctors and embryologists, number of embryos transferred per cycle, and 

multiple birth rates, etc.  

For clinic managers, my study explains the mechanism of MBGs and 

shows that MBGs do not necessarily leads to low profit. Rather, MBGs not only 

inform consumers about their service quality, but also attracts more patients 

(number of cycles as a proximate measure for demand) to the clinic. For those 

who have high quality but haven’t used MBGs, it might be a good time to 
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consider introducing this program, either directly or by partnering with 

underwriters. This is especially true nowadays because insurance coverage for 

IVF treatments still has many limitations and is potentially discouraged by 

Affordable Care Act (ACA). Only eight states in the U.S. have IVF mandates and 

these mandates usually have lifetime cap and strict eligibility requirements. 

Meanwhile, study shows that infertility mandates are threatened by ACA 

because the cost of passing new mandates or in excess of Essential Health 

Benefits (EHB) will be defrayed by the states (Devine et al 2014). MBGs as a more 

flexible market-initiated mechanism than insurance mandate, can not only 

benefits patients, but also provide strategic advantages to high quality clinics.    
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CHAPTER 3: QUANTIFYING PRODUCTIVITY  

3.1 Introduction 

Chapter 2 compared service quality between MBG clinics and non-MBG 

clinics using multiple outcome variables while controlling for patient 

characteristics, clinic observable characteristics, treatment aggressiveness, and 

environment characteristics. Conceptually, the relationship can be summarized 

in equation (11) below. Thus, the service quality that I define captures all 

unobserved factors that affect treatment outcome, such as, doctors’ expertise, 

embryologist and staff training, quality management efficiency, etc. Essentially, 

the service quality measures how effective a clinic can transform its resources to 

successful treatment outcome. 

(11) 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡  𝑂𝑢𝑡𝑐𝑜𝑚𝑒 = 𝑓{𝐶𝑙𝑖𝑛𝑖𝑐  𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠,𝑃𝑎𝑡𝑖𝑒𝑛𝑡  𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠,   

𝐸𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡  𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠,𝑀𝐵𝐺 = 𝑔(𝑆𝑒𝑟𝑣𝑖𝑐𝑒  𝑄𝑢𝑎𝑙𝑖𝑡𝑦)} 

In chapter 3 below, I will empirically quantify another related construct – 

productivity, which is defined as a combination of all factors that influence the 

clinics’ efficiency in transforming inputs (i.e., labor and capital investments) to 

production possibility. Productivity can be a result of a multitude of factors 

including but not limited to doctor expertise and experience, embryologists’/ 

technicians’ training and vigilance, clinics’ efficiency in quality management, 

communication efficiency, laboratory equipment and environment control (e.g., 

temperature, particle count, air velocity, humidity, and CO2 for incubators, etc.). 
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Essentially, productivity captures how efficiently a clinic can transform its 

inputs to quantity output (vs. quality output), thereby complementing the 

finding in chapter 2. 

It is worth noticing that, to measure clinic’s quality output or quality, I 

used the treatment outcome after purging of the impact of patient 

characteristics, i.e., the residual from regressing treatment outcome on patient 

characteristics:   

(12) 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡  𝑂𝑢𝑡𝑐𝑜𝑚𝑒

= 𝜃 ∗ 𝑃𝑎𝑡𝑖𝑒𝑛𝑡  𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠 + 𝜀  (𝑖. 𝑒. ,𝑄𝑢𝑎𝑙𝑖𝑡𝑦  𝑂𝑢𝑡𝑝𝑢𝑡) 

Compared to (11), equation (12) shows that the quality output captures more 

information (e.g., clinic characteristics, environment characteristics) than the 

service quality I define in chapter 2. I name it this way in order to distinguish the 

two types of output – quantity-based and quality-based output – and to be 

consistent with the production function literature (Grieco and McDevitt 2015).  

To do so, I first define the production function by incorporating the 

tradeoff between quantity output and quality output. Then, I estimate the 

production function including the unobserved productivity of IVF clinics with a 

structural model approach with non-parametric estimation and instrument 

variable approach following the production function literature. Following 

Grieco and McDevitt (2015) and Ackerberg, Caves, and Frazer (2015), I use two 

strategies to handle the two major empirical challenges. First, to handle the 
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endogeneity issue caused by unobserved productivity, I use both hiring and 

investment decisions to create a non-parametric proxy for the unobserved 

productivity while assuming a monotonic relationship between the productivity 

and its proxy. Then, I use an instrument variable approach to deal with the 

attenuation bias caused by the large random component in quality measure. 

After estimating the production function with general method of moments 

(GMM) estimation, I get the estimations for productivity for each clinic-year 

observation. At last, I explore the relationships between service productivity 

and a series of clinic-level factors, such as a) MBG practices, b) input decision, c) 

clinic characteristics, d) treatment aggressiveness, e) environment 

characteristics, and f) treatment outcomes, etc.  

The result of the production function estimation is rich. First, there is a 

tradeoff (i.e., negative relationship) between quantity output and quality output 

in treatment for the older age groups (> 40), but not for the younger age groups 

(< 40). In other words, as it becomes more difficult to secure quality outcomes 

(as proxied by patient age), raising the same level of quality output requires the 

clinic to trade-off or decrease the total number of cycles to be operated in a 

specified time period, or vice versa. This is consistent with the literature in 

medical or health care industry where the effort and resource is constrained by 

the health provider’s production possibility frontier. Second, different from 

consumer goods market, IVF market is more influenced by labor (i.e., doctors) 
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than by capital. This is intuitive because health care is a type of expert service, 

the quality of which is dominantly affected by the expertise and knowledge of 

the doctors. Third, productivity of IVF clinics in general positively correlates to 

clinics’ MBG usage, input decisions, selected clinic characteristics (i.e., non-for 

profit nature, experience, and single woman service), environmental 

characteristics (i.e., competition and IVF insurance coverage), but negatively 

correlates to patient quality and clinics’ quality output (i.e., live birth rate, 

pregnancy rate, singleton rate) in older age groups (> 40). This third result 

complements my finding in chapter 2 because it shows that MBG program tends 

to be provided by clinics with higher productivity or higher efficiency in 

transforming input to quantity output. In practice, these clinics may have 

higher level of unobserved characteristics such as doctors’ expertise, 

embryologists’ and staff’s training and vigilance, quality management 

efficiency, and laboratory, equipment, and environment control.  

The remainder of this article is organized as follows. I begin by reviewing 

selective representative literature on production function estimation followed by 

explaining the rationale for expecting a tradeoff between quantity and quality. I 

then introduce the model framework and implementation strategies. After 

explaining the estimation result, I further use some preliminary analysis to 

explore the relationship between productivity and clinic/age level characteristics.  
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3.2 Literature in Production Function Estimation 

Production function or total factor productivity has been studied for long 

in the economics literature and bloomed with several methodological 

improvements since the mid-1990s. One key empirical challenge in estimating 

production function is the endogeneity problem attributed to the unobserved 

productivity. Since unobserved productivity potentially correlates to input 

variables (labor and capital), it leads to biased estimations. For instance, a 

positive productivity shock will lead to increase in input usage, thereby leading 

to upward bias in the coefficient for labor and materials. When more than one 

input exist and there is simultaneity issue, direction of bias in the capital 

coefficient will be uncertain (Beveren 2012). For instance, if only labor is freely 

changed but capital is quasi-fixed, capital coefficient will be biased downward if 

there is a positive correlation between labor and capital.   

Traditional strategies to handle endogeneity are to use instrument 

variable approach or fixed effect model. However, a valid instrument can be 

difficult to identify, and even if it is valid, it usually has weak predictive power. 

At the same time, fixed effect approach assumes that productivity is time-

invariant and doesn’t change in reaction to productivity shocks, which can be 

too rigid to be realistic.  

In response to these empirical challenges, Olley and Pakes (1996) first 

introduced an alternative semi-parametric algorithm to tackle this endogeneity 
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problem together with selection bias problem. They first assume a monotonic 

relationship between investment and productivity, then use the firm’s 

investment decision to proxy for unobserved productivity shocks, and finally 

estimate the parameter of capital using non-linear least squares (NLLS). 

However, one problem in generalizing this method is that, in many industries, 

investment is sticky and does not strictly increase in productivity. This will leave 

out many zero-investment observations out of sample, causing loss in efficiency.  

To improve this method, Levinsohn and Petrin (1996) use intermediate 

inputs (i.e., materials) instead of investments as the proxy for productivity and 

use GMM to complete the second stage estimation. Since the use of materials is 

usually positive, the monotonicity assumption is more likely to hold. In addition, 

LP omits incorporating the survival probability to correct selection bias because 

the efficiency gained from OP’s result was very small.  

However, Ackerberg, Caves, and Frazer (2015) pointed out a key flaw in 

Olley and Pakes (1996) and Levinsohn and Petrin (1996) algorithm: if there is no 

variation independent of investment (or materials) in the production function, 

both labor and investment (or materials) are functions of capital and 

productivity and thus are collinear with each other. In this case, labor and 

investment cannot be separately identified due to the multi-collinearity. Thus, 

Ackerberg, Caves, and Frazer (2015) then suggest an estimation procedure where 

labor coefficient is identified in the second stage using NLLS or GMM.  
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Extending Ackerberg, Caves, and Frazer’s (2015) algorithm in the health 

care market, Grieco and McDevitt (2015) incorporate the quantity-quality 

tradeoff in the production function estimation because of the unique features of 

the dialysis industry. Based on the fact that the adjustment on labors can well 

reflect health industry’s productivity shock, they use hiring decision as the proxy 

for productivity. In addition, since they use treatment outcome (i.e., infection 

rate) as a measure for quality and this measure partially depends on random 

component, the authors also control for the attenuation bias by using an 

alternative outcome measure (i.e., excess death rate) as instrument for the 

infection rate. The following section will further explain why it is important to 

incorporate this quantity-quality tradeoff.   

3.3 Quantity-Quality Tradeoff  

Similar to Grieco and McDevitt (2015), I first assume that an IVF clinic’s 

objective is to maximize its return from two types of output—treatment 

quantity and treatment quality—given its labor and capital resources. This is 

because, in the health care context, health care providers should pursue 

superiority in both quantity and quality (i.e., successful outcome) (Andreson, 

Fornell, and Rust 1997). On the one hand, treatment quantity matters for clinics 

because operating more numbers of cycles bring in higher profit, holding 

constant the price per treatment. On the other hand, clinics have incentives to 
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improve treatment outcome for several reasons. First, it is mandatory for IVF 

clinics to annually provide data for all procedures performed to the Center for 

Disease Control and Prevention (CDC) and CDC will make the treatment 

outcome information publicly available on an aggregate level. Since couples 

potentially choose IVF clinics based on the comparison of clinics’ previous 

treatment outcome, IVF clinics may strive to improve their treatment 

quality/effectiveness in order to compete for higher market shares (Bundorf, et 

al 2009). Second, most of the clinics are members of Society of Assisted 

Reproductive Technology (SART) or have received accreditations from the 

College of American Pathologist (CAP). Thus, these clinics have to adhere to 

their practice guidelines and standards as well as accept regulatory reviews and 

inspections from SART and CAP.  

Despite clinics’ incentives to improve both quantity and quality, there is 

a potential quantity-quality tradeoff for IVF clinics. This is because clinics are 

constrained by their time and resources and thus need to carefully balance 

between operating more cycles (efficiency) and improving treatment outcomes 

(effectiveness). Specifically, different from assembly-line production, a 

successful IVF treatment depends on multiple clinic factors, such as, accurate 

diagnosis, careful monitoring, well-designed and executed customized IVF 

protocols, constant treatment adjustments based on individual patient’s 

medication response, precise retrieval surgery, embryo handling, and embryo 
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transfer, as well as learning from failed IVF cycles. All of these require a great 

amount of time and effort on the part of the doctors, embryologists, and staff. 

Thus, given a specific IVF clinic with certain resources (i.e., labor, capital, 

productivity, time, etc), operating greater numbers of cycles means less time 

and effort on an individual patient, potentially leading to lower treatment 

success or effectiveness.  

There is extensive medical literature discussing the quantity-quality 

tradeoff in the health care contexts. In the marketing literature, Anderson, 

Fornell, and Rust (1997) have utilized cross industry data to demonstrate that 

the correlation between changes in customer satisfaction and changes in 

productivity is positive for goods and negative for services. Later on, Grieco and 

McDevitt (2015) explicitly estimated this tradeoff between quantity and quality 

in the dialysis context.  

3.4 Model Framework 

My model framework follows Grieco and McDevitt (2015) and accounts for 

two empirical challenges: the endogenous choice of targeted level of quality 

caused by unobserved productivity (i.e., labor skill, managerial ability, patient 

characteristics, etc.) and the attenuation bias caused by the large random 

components in treatment outcome measures.  
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To begin with, an IVF clinic’s production possibilities frontier for each 

period can be described as 

(12) 𝑇(𝑦!" , 𝑞!") ≤ 𝐹(𝑘!" , 𝑙!" ,𝑤!"! ) 

Where T(.) is the transformation function, describing how a clinic’s 

productive capacity can be transformed between two output: the targeted 

quantity 𝑦it and targeted quality 𝑞it. Subscripts i and t index the clinic and year, 

respectively. In the IVF context, we cannot observe the targeted output but 

observe the realized quantity y!" and quality output 𝑞!".  

Specifically, the realized quantity y!" =   𝑦!" + 𝜀! is measured by the (log) 

total number of cycles a clinic operates in a year. The error term 𝜀! reflects the 

impact of “unanticipated” productivity shock or measurement error. Likewise, 

the realized quality, 𝑞!" = 𝑞!"+𝜀!, is measured by treatment outcomes, i.e., net 

live birth rate, which is the live birth rate being purged of the impact of patient 

quality (diagnosis). Specifically, it is the residuals from regressing clinic-average 

live birth rate (or pregnancy rate) on clinic-average patient quality, constructed 

by a clinic’s patient diagnosis composition weighted by each diagnosis’ national 

success rate. The error term 𝜀! reflects the stochastic nature or the random 

components of getting live birth or pregnancy. In the estimation, I adopt a linear 

form for T(.), i.e., 𝑇(𝑦it, 𝑞it)=  𝑦it + 𝛼!𝑞it, which is differentiable and increasing in 

both outputs.  
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The Cobb-Douglas production function, F (kit, lit, wit)=  𝛽!𝑘!"  + 𝛽!𝑙!"+  𝑤!"! , 

describes how a clinic’s productive capacity is determined by the clinic’s capital 

kit, (log) labor lit, and (log) productivity wit. Here, I use the number of doctors and 

number of embryologists as two measures for labor input (i.e., l1it and l2it). To 

measure capital, I use the sum of a series of indicator variables, including PGD 

service, SART membership, accreditations, and surrogate service. Since I don’t 

observe the IVF clinics’ actual monetary investment, I use these capital 

indicators as proxies with rationales as follows: First, Pre-implantation Genetic 

Diagnosis is a cutting edge technology that requires expensive equipment and 

only IVF clinics with high financial capability can afford it; Second, to become a 

SART member, a clinic has to spend capital resource to follow the practice 

guidelines and annually report treatment outcomes to SART and the public; 

Third, to achieve CAP Laboratory Accreditation, IVF clinics have to build up a 

high-standard laboratory to meet this program’s requirement on laboratory 

excellence and accept regulatory inspections; and Fourth, offering surrogate 

service requires clinics to build up an additional administrative support team 

that has to coordinate multiple parties involved in the surrogacy. I assume that 

all these dummy variables reflect the clinics’ capital level and thus are summed 

up to a single variable kit. Clinics that have all four of these characteristics would 

hence have a higher capital level than clinics that do not have all these four 

characteristics. At last, wit, the productivity unobserved by econometricians but 
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observed by clinics, captures all the other factors influencing a clinic’s 

production possibilities, such as, doctors’ expertise, embryologists’ training and 

vigilance, clinics’ efficiency in quality management, laboratory equipment and 

environment control (e.g., temperature, particle count, air velocity, humidity, 

and CO2 for incubators, etc.).  

Prior to production, the clinic chooses targeted quantity and quality 

output (𝑦!", 𝑞it) to optimize a static problem below, where the payoff is 

determined by the realized quantity and quality (y!" , 𝑞!") 

(13) 𝜋 𝑘!" , 𝑙!" , 𝑥!" ,𝑤!"! = 𝑚𝑎𝑥!,!𝐸[𝜌(y!" , 𝑞!" , 𝑘!" , 𝑙!" , 𝑥!")] 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡  𝑡𝑜:𝑦!" + 𝛼!𝑞!"   ≤   𝛽!𝑘!" + 𝛽!   𝑙!" + 𝑤!"!  

y!"   =   𝑦!" + 𝜀!"
!    

𝑞!"   =   𝑞!"   +   𝜀!"
!  

Where the payoff function 𝜌(.) is a clinic’s return from total number of cycles 

and net live birth rate given its current state variables. The variable 𝑥!" captures 

the observed clinic/environment characteristics that may affect its targeted 

quality decision. Examples of such quality incentive shifters include 1) non-

profit indicator (vs. for-profit), 2) experience (i.e., logged number of years in the 

market), 3) an indicator variable for offering MBG, 4) ICSI rate, 5) unstimulated 

cycle rate, 6) single women service indicator, 7) competition (i.e., logged number 

of competitors), and 8) IVF insurance mandate indicator, etc.  
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Assuming that the IVF clinics are operating with full capacity, the 

production frontier I want to estimate can be thus written as  

(14) 𝑦!" = −  𝛼!𝑞!" + 𝛽!kit + 𝛽!lit + 𝑤!"!+ 𝛼𝜀!"
!+ 𝜀!"

!  

3.5 Estimation Implementation 

3.5.1 Endogeneity and Estimation Strategies 

Estimating equation (14) with ordinary least squares would be 

inconsistent, because the composite error term is correlated to observed quality 

for two endogeneity concerns: First, 𝑤!"!  may correlates with (a) kit and lit and (b) 

the clinic’s quality target 𝑞it, leading to biased estimators for kit and lit and 𝑞it. 

Second, 𝜀!"
! , the unanticipated quality error or the random component of 

treatment outcome, may correlate with realized quality measurement 𝑞!", 

leading to attenuation bias, that is, the regression slope approaches zero or the 

magnitude of the tradeoff is underestimated. A third issue in the estimation is 

that there must be some independent variations in 𝑞it from other variables so 

that it can be identified.  

Adapting from Grieco and McDevitt’s (2015) method, I use three 

strategies to address these different issues and I explain them in a reverse order. 

To address the third problem in identification, I add quality incentive shifters in 

the production frontier and assume that productivity beliefs evolve during 

production before the hiring or investment decision. 
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For the second endogeneity problem or attenuation bias, I use a second 

measure of treatment quality, net pregnancy rate (i.e., pregnancy rate being 

purged of the impact of patient characteristics), as an instrument variable for net 

live birth rate. The rationale is that, after controlling for the impact of patient 

quality / characteristics, the variation in pregnancy rate that is unrelated to 

clinic quality would be uncorrelated with the variation in the live birth rate that 

is unrelated to quality.  

To handle the first endogeneity problem, I use the input change decision, 

i.e., either a hiring decision (i.e., change in number of doctors or embryologists, 

respectively) or an investment decision (i.e., changes in the sum of capital 

indicators) to back out the productivity non-parametrically. The rationale is that 

clinics with greater productivity will make larger investments in doctors and 

embryologists, and in investing in capital such as PGD, SART, accreditation and 

surrogate service. Specifically, I first assume that clinics update their belief 

about productivity after the production is realized, i.e., 𝑤!"! = 𝑤!"!  +  𝜀!"!. Based on 

this updated productivity 𝑤!"! , clinics make decisions on hiring or investment. 

Then, based on the assumption that input change decision is strictly increasing 

in wit, i.e., 𝑖!" = 𝑖 𝑘!" , 𝑙!" , 𝑥!" ,𝑤!"! , there is a one-to-one monotonic relationship 

between productivity and input change decision, i.e., 𝑤!"! = 𝑖!! 𝑖!" , 𝑘!" , 𝑙!" , 𝑥!" . 

Next, I use input change decision 𝑖!" = 𝑖 𝑘!" , 𝑙!! , 𝑥!" ,𝑤!"!  to back out productivity 

𝑤!"! . Thus, (14) becomes: 
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(15) 𝑦!" = −  𝛼!𝑞!" + 𝛽!kit + 𝛽!lit + 𝑤!"! − 𝜀!"! + 𝛼𝜀!"
! + 𝜀!"

!  

𝑦!" = −  𝛼!𝑞!" + 𝛽!kit + 𝛽!lit + 𝑖!!"
!! 𝑖!" , 𝑘!" , 𝑙!" , 𝑥!" − 𝜀!"! + 𝛼𝜀!"

! + 𝜀!"
!  

𝑦!" = −  𝛼!𝑞!" + 𝛷!!" 𝑖!" , 𝑘!" , 𝑙!" , 𝑥!" + 𝜀!" 

Where 𝜀!" = −𝜀!"! + 𝛼𝜀!"
! + 𝜀!"

!  

3.5.2 Timing of Decision Making 

To summarize, the timing assumption of decision-making is as follows: a 

clinic observes an information set 𝐼!"(𝑘!" , 𝑙!" , 𝑥!" ,w!"
! ) and accordingly chooses 

targeted output (𝑦it, 𝑞it). After observing the realized production level in yit and qit, 

it updates its beliefs about productivity 𝑤!"!  =  𝑤!"!+𝜀!. Then this clinic decides on 

input changes (𝑖!") in hiring or investment based on new information set Iit (kit, lit, 

xit, 𝑤!"!). The productivity follows an exogenous Markov process 𝐸[𝑤!,!!!! | Iit] = 

𝐸[𝑤!,!!!! |𝑤!"!] between period t and period t+1, and the state variable xit moves 

according to an exogenous Markov process. A key assumption behind this setup 

is that a center can quickly adjust its allocation to targeted quality versus 

targeted quantity after observing the productivity shock.  

3.5.3 Three-step Estimation 

The estimation follows a three-step procedure. In the 1st stage, I estimate 

𝐸[𝑦!"|𝑖!" , 𝑘!", 𝑙!" , 𝑥!"] and 𝐸[𝑞!"|𝑖!" , 𝑘!" , 𝑙!" , 𝑥!"] non-parametrically using local linear 

regression (in R software) to account for the possible discontinuity of these 

functions at ijt = 0. Here, 𝑖!" includes Δ∆ labor (i.e., Δ∆ # doctors + Δ∆ # embryologists) 
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and/or Δ∆ capital indicators (i.e., Δ∆ PGD + Δ∆ SART + Δ∆ Accreditation + Δ∆ 

Surrogate). This procedure takes care of the endogeneity problem due to 

unobserved productivity.  

There are two points worth mentioning here. First, due to the inversion 

requirement such that 𝑤!"!  can be inverted out as a function of 𝑖!! 𝑖!" , 𝑘!" , 𝑙!" , 𝑥!" , I 

only use observations whenever input change decision is non-zero. Dropping 

such observations reduces the sample size from 1205 to 383, but this truncation 

does not bias my results because the two sample t tests shown in Table 5 

indicate that the estimation sample is not significantly different from the full 

sample in all variables. Second, note that the optimal quality decision is 

𝑞!" = 𝑞!"(𝑘!" , 𝑙!" , 𝑥!" ,w!"
! ), whereas the optimal input change decision is 𝑖!" =

𝑖!"(𝑘!" , 𝑙!" , 𝑥!" ,w!"
! ). Therefore, the difference between w!"

!  and w!"
!  provides the 

variation to identify 𝛼!.  

- Insert Table 5 about here - 

In the 2nd step, I estimate 𝛼! in equation (16) with the linear instrumental 

variable (IV) regression where I use net pregnancy rate as the instrument variable 

for net live birth rate 

(16) 𝑦!! − 𝐸 𝑦 𝑖!" , 𝑘!" , 𝑙!" , 𝑥!" = −  𝛼!(𝑞!" − 𝐸[𝑞|𝑖!" , 𝑘!" , 𝑙!" , 𝑥!"])+ 𝜀!" 

Since the estimation sample is representative of the full sample, I 

calculate 𝑦!" +   𝛼!𝑞!"  using the full sample and 𝛼! from the previous IV regression. 
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Then, I estimate equation (17) using another nonparametric local linear 

regression and recover Φ!!"(. ).  

(17) 𝑦!" +   𝛼!𝑞!" = Φ!!" 𝑖!" , 𝑘!" , 𝑙!" , 𝑥!" + 𝜀!" 

In the 3rd step, since one can calculate an estimate of unobserved 

productivity 𝑤!" β = Φ!!" 𝑖!" , 𝑘!" , 𝑙!" , 𝑥!" − 𝛽!𝑘!" − 𝛽!𝑙!" given any values of (𝛽! , 𝛽!) 

and since productivity follows a Markov process 𝑤!" = g 𝑤!"!! + 𝜉!", one can 

write equation (17) as  

(18) 𝑦!" +   𝛼!𝑞!" − 𝛽!𝑘!"  –   𝛽!𝑙!" = g 𝑤!"!! + 𝜂!" 𝛽  

where g 𝑤!"!! 𝛽 = 𝑐! ∗ 𝑤!"!! + 𝑐! ∗   𝑤!!!!! . Here 𝜂!"(𝛽) = 𝜀!" + 𝜉!" is 

uncorrelated with 𝑙!"  because the labor decision at time t is determined before 

the productivity shock 𝜉!" is realized. Thus, I estimate equation (18) using GMM 

estimation (in STATA) by constructing the unconditional moments:  

(19) 

𝐸 [𝑦!" +   𝛼!𝑞!" − 𝛽! − 𝛽!𝑘!"  –   𝛽!𝑙!"

− 𝑔 Φ!!"!! 𝑖!"!!, 𝑘!"!!, 𝑙!"!!, 𝑥!"!! − 𝛽! − 𝛽!𝑘!"!!  –   𝛽!𝑙!"!! ]

⊗

1
𝑘!"
𝑙!"!!

Φ!!"!! 𝑖!"!!, 𝑘!"!!, 𝑙!"!!, 𝑥!"!!

= 0 

3.6 Estimation Result 

3.6.1 Quantity-quality tradeoff  

Table 6 shows the IV estimates for quantity-quality tradeoff (equation 16) 

for the clinic as a whole and for each age group. Consistent with prediction, the 
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estimates of tradeoff (−𝛼!) are negative and significant for older age groups (-

0.008*** for age group 41-42 and -0.009*** for age group 43-44), suggesting that 

quantity negatively correlates to quality in these age groups. However, for 

younger age groups (< 35, 35-37, 38-40), the estimates of tradeoff (−𝛼!) are 

insignificant. This might be because older patients are more difficult to treat and 

doctors need to spend more time on diagnosing the reason for infertility, 

deciding on an appropriate course of action, testing and adjusting treatment 

protocols, monitoring hormone responses, deciding on backup plans, and even 

dealing with patients’ stress, despair, and self-loathing. Therefore, providing 

high quality service for older patients’ is more likely to affect a clinic’s time and 

resources to operate more number of cycles.  

- Insert Table 6 about here - 

3.6.2 Production Function Estimation  

Table 7 shows the GMM estimation for the production function from 

equation (18) 𝑦!" +   𝛼!𝑞!" = 𝛽!𝑘!" + 𝛽!𝑙!" + 𝑐! ∗ 𝑤!"!! + 𝑐! ∗   𝑤!!!!! + 𝜂!" 𝛽 . 

Specifically, the coefficients on capital are positive and significant for most age 

groups (0.267*** for overall clinic, 0.260*** for < 35, 0.266*** for 35-37, 0.230*** 

for 38-40, 0.244*** for 41-42, 0.124 for 43-44). In addition, the coefficients on 

doctors are positive and significant for all age groups (0.898*** for overall clinic, 

0.923*** for < 35, 0.778*** for 35-37, 0.844*** for 38-40, 0.809*** for 41-42, 
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0.732** for 43-44). However, the coefficients on number of embryologists are 

insignificant for most of the age groups. The different impacts of doctors and 

embryologists might be because the doctors’ role in treatment is irreplaceable, 

thus the number of doctors determines the production constraint of the IVF 

clinics. By contrary, embryologists can flexibly cooperate with multiple doctors 

and don’t have to follow all procedures of a specific patient, thus their number 

doesn’t matter so much in determining the quantity output.  

What’s more, the comparison of coefficient magnitude indicates that 

labor is playing a more important role than capital in affecting the output. This 

is in line with the expert nature of the health care service, for which doctor 

expertise or knowledge dominates the output of the health care service.  

- Insert Table 7 about here - 

3.7 Correlation between Productivity and Key Variables 

Utilizing the productivity estimates for each clinic-year observation from 

equation 𝑤!" β = Φ!!" 𝑖!" , 𝑘!" , 𝑙!" , 𝑥!" − 𝛽!𝑘!" − 𝛽!𝑙!", I explore some preliminary 

relationships between productivity and other key variables, such as, marketing 

strategy (MBG), input decisions, output, treatment aggressiveness, clinic / 

environment characteristics, and patient characteristics. Table 8 shows the 

correlation results. In general, clinics with higher productivity are more likely to 

be those offering MBG, being non-profit, with longer experience, providing 
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service to single woman, with higher competition, and in states with IVF 

insurance mandates. In addition, clinics with higher productivity are more likely 

to have more labor and capital inputs, but are likely to achieve slightly lower 

quality output especially in older age groups.  

- Insert Table 8 about here - 

3.8 Discussions and Contributions 

To complement the finding that MBG clinics are more effective in 

transforming input to successful treatment outcome than non-MBG clinics, 

chapter 3 examines the relationship between clinic productivity and MBG 

offerings (and a series of clinic-level key variables). In order to quantify the 

unobserved clinic productivity, I adopt the non-parametric structural model 

approach from economics literature to estimate the production function and 

unobserved productivity. Following Grieco and McDevitt (2015), I construct the 

production function by incorporating the quality output and tackle two 

empirical challenges: one due to the endogeneity of unobserved productivity and 

the other due to the attenuation bias caused by random component of quality 

measure. I now conclude this chapter by discussing on the contributions.   

First, my finding about the quantity-quality tradeoff contributes to the 

literature in production function estimation and healthcare marketing. This is 

because it empirically demonstrates the existence of quantity-quality tradeoff in 
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the health care service market. Empirically, this tradeoff implies that, when 

health care providers are constrained by their time and resource, simultaneous 

attempts to increase quantity and quality is likely to be challenging in the short 

term because they have to strike the right balance between effectiveness and 

efficiency. Of course, in the long term, such improvements are possible if the 

providers improve in technology, doctor expertise, and quality management 

system, or if the providers further invest in labor and capital.  

Second, the estimates of production function indicate a dominating role 

of doctors (vs. capital) in determining the production possibility frontier. This is 

in clear contrast with traditional finding in consumer goods market where 

capital input matters the most. In addition, together with chapter 2, this finding 

empirically demonstrates the value of human capital (i.e., expertise and tacit 

knowledge) and illustrates the importance of learning in the health care and 

expert service markets.  

 Third, the finding that MBG clinics have higher productivity 

complements chapter 2 in answering the signaling—gimmick debate. It is true 

that my analysis doesn’t explicitly quantify the impact of MBG offering on 

clinics’ effort and thus on the quantity and quality output. However, the positive 

correlations between MBG offerings and a) service quality as well as b) 

productivity can alleviate practitioners’ and policy makers’ concern on 

marketing fraudulence.  
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CHAPTER 4: CONCLUSIONS AND FUTURE DIRECTIONS 

4.1 Conclusions Revisited: Capability, Effectiveness, & Efficiency of MBG 

Clinics 

Strategic marketing decisions such as MBGs and warranties are often 

considered unprofitable, misleading, and even defrauding in the health care and 

other expert service market, such as, financial advisory, legal service, appraisal, 

auto repair, and pest control, etc. This is because health care and other expert 

service markets have such salient features (i.e., customization, expert knowledge, 

difficulty in measuring service quality) that these markets are troubled with 

information asymmetry, thereby leaving room for providers’ opportunistic 

behaviors such as overtreating and sorting on consumers. 

To see whether the above concern actually leads to marketing malpractice, 

my dissertation examines the strategic marketing decision MBGs in the IVF 

market by focusing on two key aspects of firm capabilities. According to the 

seminal work of Dutta, Narasimhan, and Rajiv (2005), capabilities are “conceived 

as the efficiency with which a firm employs a given set of resources (inputs) at 

its disposal to achieve certain objectives (outputs)” or the so-

called ”intermediate transformation ability”. In the health care market, two 

prominent objectives or outputs of health care providers are treatment success 

(e.g., live birth rate, infection rate) and treatment quantity (e.g., number of cycles, 
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number of patients). Thus, the capability can be defined as two elements: a) 

effectiveness in transforming inputs to successful outcome and b) efficiency in 

transforming inputs to quantity.  

Chapter 2 of my dissertation focuses on the first element of capability, i.e., 

effectiveness, by comparing MBG clinics’ and non-MBG clinic’s unobserved 

service quality, which is measured as the treatment outcome after controlling for 

patient characteristics, clinic’s observed characteristics, treatment 

aggressiveness, and environmental characteristics. The result shows that MBG 

clinics (vs. non-MBG clinics) tend to be those achieving higher success rate, but 

using less aggressive treatment, imposing lower multiple birth rate, and without 

accepting more fertile patients. This finding answers the key question that 

motivates this dissertation, that is, whether MBG practices are signals of service 

quality or marketing gimmick that exploits consumers suffering from 

information asymmetry. Despite health care industry’s salient features (i.e., 

customization, expert service, difficulty in measuring service quality, and 

information asymmetry) and potential opportunistic behaviors (i.e., overtreating 

or sorting), the strategic MBG decisions live up to its theoretical role in signaling 

quality information to the poor informed consumers. This finding has important 

public health, policy, and managerial implications.  

Chapter 3 focuses on the second element of capability, i.e., efficiency, by 

comparing MBG clinics’ and non-MBG clinic’s productivity, which is empirically 
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estimated from a production function of treatment quantity on input variables. 

Preliminary correlation analysis confirms that MBG clinics have higher 

productivity. While estimating the productivity, I also find a significant tradeoff 

between quantity output and quality output in older age groups, that is, 

increasing the number of cycles operated in a year will decrease the live birth 

rate achieved given certain patient fertility. In addition, the production function 

estimates show that, doctors as the labor input, is playing a more important role 

than capital input in determining the production frontier (quantity).   

4.2 Future Research Directions 

Health care marketing is a rich field to study. Within the IVF context, 

there are a few directions worthy further studying.    

4.2.1 Utilizing Individual-level Dataset on IVF Treatment 

My current research dataset has two limitations. First, even though I have 

controlled for patient fertility by constructing a measure based on patient 

diagnosis and by using instrument variable estimation, physicians can still use 

other patient fertility indicators that we researchers cannot observe to sort out 

patients. Second, I only observe the number of cycles a clinic operates rather 

than the number of patients a clinic accepts, while the latter is important to 

quantify clinic demand.  



103	  

To overcome the shortcoming in the dataset, I am in the process of 

applying for an individual-cycle-level IVF treatment dataset from SART. I 

believe this dataset can not only offer better measurements and solidify my 

current study, but also provide opportunity to explore broader research 

questions in the IVF industry. First, with the individual-level dataset, I can 

better control for patients’ impact on quality and quantity since I can observe 

patients’ age, medical history, previous IVF treatments, miscarriage or 

pregnancy information, and the availability of extra embryos for 

cryopreservation, which is a possible measure for embryo quality (Schieve et al 

1999). Second, I can also construct a choice model (i.e., starting from modeling 

individual consumer utility) to study how MBG practice affects consumer choice 

and how a clinic’ MBGs provision decision affects consumer choice and for which 

type of consumers. This is an important research question because the purpose 

of providing this expensive signal is to communicate quality information and 

convince more consumers to choose the focal clinic.  

Third, another interesting angle is to look at the interplay between the 

government regulation on insurance mandates and market-based initiatives (i.e., 

MBGs) as well as their joint impact on consumers in the following aspects: a) 

patient-level decisions (e.g., choice of IVF clinics), b) treatment decisions (e.g., 

treatment aggressiveness), and c) treatment outcomes both in terms of success 

(e.g., success rate) and potential downstream risks (e.g., multiple-birth rate).  
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4.2.2 Natural Experiment with Affordable Care Act (ACA) 

Preliminary research has shown that enactment of ACA might 

substantially affect IVF market. This is because it ACA can affect states’ cost for 

enforcing insurance mandate, thereby further affecting patients’ ability to afford 

IVF treatment and clinics’ practices. When the 2014 IVF data becomes available 

from CDC, we will be able to analyze the impacts of this natural experiment 

(external shock) on clinic practices in treatment procedure, treatment outcome, 

provision of MBG, and pricing strategy.  

4.2.3 Nuanced Variations in MBGs in the IVF Market 

MBG practice in the IVF industry has variations in multiple aspects. For 

example, some clinics provide MBG programs using their own financial resource 

while others provide MBG using third party underwriters, such as ARC, Attain 

Fertility, In Vitro Science and Options Fertility. The latter clinics might have 

different incentive and mechanism for offering MBG because clinics do not bear 

the cost of refund in case of third party MBG. My preliminary findings suggest 

that, as compared to clinics who provide MBG themselves, clinics using third 

party MBG have more number of doctors and experience, are more likely to be 

SART member, operate more cycles, but achieve lower success rate. This 

suggests that underwriters tend to choose bigger or more experienced clinics as 

their partner for MBG program, but whether these partners have higher service 
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quality needs to be examined carefully. Potentially, this decreased success rate 

might be due to lower patient quality, or lower innate service quality.  

Similarly, MBGs provided by university-based clinics might have different 

underlying mechanism as compared to MBGs provided by commercial clinics. 

Since university-based clinics are served by research-oriented doctors, their way 

of treating patients might be less aggressive, thereby affecting the success rate 

and their ability to afford MBGs. Therefore, those university-based clinics 

offering MBGs might be of higher quality than regular commercial clinics.  

Another nuanced aspect of MBG is that clinics vary greatly in their use of 

criteria for determining when to return the money (i.e., pregnancy or live birth) 

and the criteria for accepting patients into the program. Intuitively, clinics using 

live birth as the criteria for returning money is more confident in their service 

quality and can afford using less aggressive treatment. My preliminary 

descriptive results confirm this conjecture. Currently, clinics determine their 

own criteria for accepting patients, such as, age, diagnosis, medical history, the 

need for non-standard treatment procedure (e.g., PGD), and even BMI. It would 

be interesting to examine whether it is appropriate for government to regulate 

these criteria. 	   	  
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TABLES 

Table 1: Summary Statistics – MBGs, Clinic, Environment and Patient 
Characteristics 

Constructs Variables Obs1 M SD Min Max T Test2 
 MBGs MBG (0, 1) 984 0.365 0.482 0 1  
 Clinic Characteristics       
 Scale # of Doctors 984 2.915 2.384 1 21 *** 
 # of Embryologist  984 1.441 1.815 0 13 *** 
 Capability Embryologist Dummy (0, 1) 984 0.645 0.479 0 1 *** 
 Avg. Pre Live Birth Rate 

(Clinic) 
984 28.35 9.191 0 66.67 *** 

 Price3 Price = min (Regular Price, 
MBG Price/3) 

350 7383 1774 3333 12500  

 Regular Price (for 1 Cycle) 253 7889 1976 3333 12550 *** 
 MBG Price (for up to 3 Cycles) 199 21656 4644 10000 36487  
 Experience Cycles of Previous Years 

(Clinic) 
984 2761 4485 0 40814 *** 

 Years in Market 984 12.16 5.243 1 18 *** 
 Service Scope Single Women Service (0, 1) 984 0.958 0.200 0 1 ** 

 Surrogate Service (0, 1) 984 0.880 0.325 0 1 *** 
 Cryopreservation Service (0, 1) 984 0.997 0.0552 0 1 ** 

 Accreditation SART Member (0, 1) 984 0.856 0.352 0 1 *** 
 Lab Accreditation (0, 1) 984 0.936 0.245 0 1 *** 
 Environmental Characteristics       
 Competition # of Competitors (MSA4) 984 10.80 11.80 0 37 *** 
 # of MBG Competitors (MSA) 984 2.796 2.724 0 9 *** 
 Insurance Infertility Insurance Mandate 984 0.552 0.498 0 1 *** 
 Demographic Characteristics       
 Income State Income 984 51920 6980 36641 71836  
 Population MSA Population 984 5.7e+06 5.9e+06 129709 1.9e+07 ** 
 Patient Characteristics       
 Patient Fertility (by diagnosis) 984 0.433 0.140 0.222 1.191 * 

1 Observations = 365 for Year 2012, = 358 for Year 2011, = 261 for Year 2010 
2 Last column: two-sample t-test with unequal variances for MBG Clinic VS. Non-MBG 
Clinics *** p<0.01, ** p<0.05, * p<0.1 
3 Price excludes medication, monitoring, ICSI, AH, PGD, anesthesia, embryo 
cryopreservation, prescreening, etc. 
4 MSA = Metropolitan Statistical Area 
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Table 2: Summary Statistics – Treatment Input and Output 

 All Clinics  MBG Clinics  Non-MBG 
Clinics 

t- test 

Variables M SD  M SD  M SD  
Avg. # of Embryos per Transfer <35 2.022 0.296  1.947 0.237  2.065 0.317 *** 

Avg. # of Embryos per Transfer 35-37 2.214 0.358  2.133 0.288  2.260 0.385 *** 
Avg. # of Embryos per Transfer 38-40 2.526 0.465  2.461 0.385  2.565 0.502 *** 
Avg. # of Embryos per Transfer 41-42 2.790 0.714  2.788 0.608  2.791 0.772  
Avg. # of Embryos per Transfer 43-44 2.887 0.922  2.875 0.832  2.895 0.980  

Clinic Avg. # of Embryos per Transfer 2.248 0.331  2.179 0.262  2.287 0.359 *** 
Total # of Cycles <35 102.7 138.7  163.6 191.9  67.70 76.04 *** 

Total # of Cycles 35-37 52.42 81.46  82.73 109.9  35.00 51.85 *** 
Total # of Cycles 38-40 52.06 88.37  80.15 114.4  35.92 63.82 *** 
Total # of Cycles 41-42 26.88 51.36  39.31 60.48  19.73 43.77 *** 
Total # of Cycles 43-44 12.37 26.52  16.93 27.87  9.749 25.37 *** 

Clinic Total # of Cycles 249.3 376.1  385.9 496.4  170.9 254.1 *** 
Avg. Live Birth Rate <35 40.14 11.91  41.65 10.28  39.27 12.68 *** 

Avg. Live Birth Rate 35-37 31.73 13.86  32.56 11.63  31.25 14.98 * 
Avg. Live Birth Rate 38-40 22.19 12.79  23.17 9.583  21.62 14.30 ** 
Avg. Live Birth Rate 41-42 12.10 14.40  12.30 11.20  11.98 16.01  
Avg. Live Birth Rate 43-44 5.722 14.20  6.015 12.98  5.528 14.97  

Clinic Avg. Live Birth Rate 30.39 9.424  32.10 8.608  29.41 9.734 *** 
Avg. Multiple Birth Rate <35 2.325 4.109  1.907 2.394  2.564 4.812 *** 

Avg. Multiple Birth Rate 35-37 2.679 7.145  2.397 4.552  2.848 8.318  
Avg. Multiple Birth Rate 38-40 2.976 8.576  2.955 7.801  2.989 9.021  
Avg. Multiple Birth Rate 41-42 1.870 8.951  1.702 6.146  1.990 10.51  
Avg. Multiple Birth Rate 43-44 0.0939 0.740  0.133 0.843  0.0595 0.635  

Clinic Avg. Multiple Birth Rate 2.461 3.329  2.146 2.180  2.642 3.827 *** 
N 984  637  364  
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Table 3: Regressions on Input and Output (2010-2012) 

Variables/ Measures Patient 
Fertility 

# Embryos 
Per Cycle 

Live Birth 
Rate 

Multiple 
Birth Rate 

 Clinic Clinic Clinic Clinic 
Ln (# of Doctors) -0.013 -0.009 -0.236 -0.875*** 

 (0.01) (0.03) (0.94) (0.20) 
Embryologist Dummy -0.006 0.003 0.635 -0.296 

 (0.01) (0.03) (0.94) (0.22) 
Avg Pre Live Birth Rate (Clinic) 0.001 0.000 - - 

 (0.00) (0.00)   
Ln (Previous Year Cycles)  -0.004* -0.001 -0.418* 0.113** 

 (0.00) (0.01) (0.23) (0.05) 
No Price Dummy -0.143 0.411 13.194 -0.665 

 (0.22) (0.90) (26.19) (4.44) 
Ln (Price) -0.017 0.046 1.590 -0.079 

 (0.02) (0.10) (2.95) (0.51) 
Surrogate Service -0.004 -0.009 0.903 0.199 

 (0.02) (0.04) (1.18) (0.33) 
SART Member 0.025 -0.115*** 0.562 0.154 

 (0.02) (0.04) (1.32) (0.34) 
Ln (# Competitors in MSA) -0.007 0.014 -1.143 0.128 

 (0.01) (0.02) (0.88) (0.16) 
Infertility Insurance Mandate -0.015 0.156*** -0.548 -0.322 

 (0.01) (0.03) (1.04) (0.21) 
Ln (State Income) -0.031 -0.195* -2.198 -1.628** 

 (0.04) (0.10) (3.31) (0.64) 
Ln (MSA Population) 0.000 0.003 -0.197 -0.066 

 (0.01) (0.02) (0.85) (0.14) 
Patient Fertility (Diagnosis) - -0.043 4.585 -0.541 

  (0.13) (3.64) (0.78) 
# Embryos Per Cycle - - -2.607* 2.338*** 

   (1.54) (0.36) 
MBG -0.004 -0.069** 2.180** -0.131 

 (0.01) (0.03) (1.03) (0.19) 
Year 2011 0.187*** -0.039 -2.116** -1.138*** 

 (0.01) (0.03) (0.83) (0.30) 
Year 2012 0.188*** -0.088** -2.513*** -2.743*** 

 (0.01) (0.04) (0.89) (0.26) 
Constant 0.808 3.995** 52.376 18.354** 

 (0.50) (1.62) (50.05) (8.34) 
     

Observations 984 984 984 984 
R2 0.372 0.114 0.093 0.223 

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 
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Table 4: FIML Estimation for Input and Output with 3 IVs (2010-2012) 

Variables/ Measures # Embryos 
Per Cycle 

Live Birth 
Rate 

Multiple 
Birth Rate 

Ln (# of Doctors) 0.047* -2.214*** -0.666*** 
 (0.03) (0.77) (0.23) 

Embryologist Dummy 0.008 0.312 -0.262 
 (0.02) (0.75) (0.21) 

Avg Pre Live Birth Rate (Clinic) 0.003* - - 
 (0.00)   

Ln (Previous Year Cycles)  0.004 -0.815*** 0.155** 
 (0.01) (0.21) (0.06) 

No Price Dummy 0.036 26.392 -2.060 
 (0.64) (19.76) (5.63) 

Ln (Price) 0.017 2.507 -0.176 
 (0.07) (2.22) (0.63) 

Surrogate Service 0.040 -1.053 0.406 
 (0.03) (1.07) (0.31) 

SART Member -0.109*** 0.450 0.166 
 (0.03) (1.05) (0.30) 

Ln (# Competitors in MSA) 0.004 -0.717 0.083 
 (0.02) (0.69) (0.20) 

Infertility Insurance Mandate 0.121*** 0.739 -0.458* 
 (0.03) (0.82) (0.24) 

Ln (State Income) -0.210** -1.075 -1.746** 
 (0.09) (2.82) (0.80) 

Ln (MSA Population) 0.016 -0.669 -0.016 
 (0.02) (0.63) (0.18) 

Patient Fertility (Diagnosis) -0.059 4.935 -0.578 
 (0.10) (3.02) (0.86) 

#Embryos Per Cycle - -1.046 2.173*** 
  (1.08) (0.31) 

MBG -0.394*** 15.765*** -1.566*** 
 (0.05) (0.89) (0.50) 

Year 2011 -0.038 -2.013* -1.148*** 
 (0.03) (1.03) (0.29) 

Year 2012 -0.088*** -2.326** -2.763*** 
 (0.03) (1.03) (0.29) 

Constant 4.247*** 32.797 20.423* 
 (1.21) (37.82) (10.76) 

Observations 984 984 984.000 
Wald Test for Model Fit 156.431 377.683 281.819 

Rho 0.607 -0.863 0.308 
LR Test for Independent Eqs 0.000 0.000 0.001 

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1  
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Table 5: Full Sample VS. Tradeoff Estimation Sample (2009-2012) 

Construct Variable Full Sample: 1205 Sub-Sample: 383 T Test 
  Mean SD Mean SD Different? 

Labor 1, l1it # Doctors 1.215 0.497 1.260 0.500 No  
Labor 2, l2it # Embryologists 0.687 0.610 0.724 0.634 No  
Capital, kit Sum of capital indicators: 

PGD, SART, 
Accreditations, Surrogate 

4.423 0.840 4.363 0.857 No 

Quality (Clinic) Live Birth Rate 30.516 9.331 30.344 9.759 No  
Quality (Clinic), qit Net Live Birth Rate 1.12e-08 9.329 -.1656 9.742 No 

Quantity (Clinic), yit # Cycles 4.984 1.044 4.927 1.070 No  
Quality Shifter, xit # Competitors 1.875 1.178 1.797 1.208 No  

 MBG 0.360 0.480 0.384 0.487 No  
 Experience 2.311 0.702 2.347 0.600 No  
 ICSI 0.524 0.120 0.522 0.118 No  
 Un-stimulated 0.007 0.043 0.009 0.054 No  
 Single Woman 0.959 0.200 0.943 0.233 No  
 # Embryos (Clinic) 1.109 0.097 1.104 0.107 No  

Patient Fertility Patient Fertility 0.407 0.138 0.404 0.142 No  

Table 6: Quantity-Quality Tradeoff (2009-2012) 

DV: Quantity, 𝑦!" (1) (2) (3) (4) (5) (6) 
 Clinic < 35 35-37 38-40 41-42 43-44 
Quality (Clinic), −𝛼! 0.003      

 (0.005)      
Quality (<35), −𝛼!  0.003     

  (0.004)     
Quality (35-37), −𝛼!   0.005    

   (0.003)    
Quality (38-40), −𝛼!    -0.004   

    (0.004)   
Quality (41-42), −𝛼!     -0.008***  

     (0.003)  
Quality (43-44), −α!      -0.009** 

      (0.004) 
       

Constant 0.000 -0.000 0.000 -0.000 0.000 0.000 
 (0.039) (0.041) (0.036) (0.041) (0.041) (0.046) 

Observations 383 383 382 381 360 278 
Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1  
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Table 7: GMM Estimation of Production Function (2009-2012) 

DV: 𝑦!" +   𝛼!𝑞!" (1) (2) (3) (4) (5) (6) 
 Clinic < 35 35-37 38-40 41-42 43-44 
       

Capital, 𝛽! 0.267*** 0.260*** 0.266*** 0.230*** 0.244*** 0.124 
 (4.81) (4.61) (4.47) (3.80) (3.86) (1.46) 
       

Doctors, 𝛽!! 0.898*** 0.923*** 0.778*** 0.844*** 0.809*** 0.732** 
 (4.40) (4.67) (4.12) (3.24) (3.07) (2.11) 
       

Embryologists, 𝛽!! 0.154 0.115 0.129 0.365** 0.0292 0.0482 
 (1.09) (0.84) (0.73) (2.18) (0.13) (0.16) 
       
𝐶! 0.361 0.317 0.353 0.927** 1.041*** 1.166* 
 (0.19) (0.11) (0.35) (2.45) (3.43) (1.71) 
       
𝐶! 0.116 0.181 0.229 0.0359 -0.0389 -0.135 

 (0.32) (0.22) (0.59) (0.19) (-0.15) (-0.26) 
       

Constant, 𝛽! 0.875 0.636 0.434 0.018 0.023 0.032 
 (0.36) (0.26) (0.69) (0.11) (0.49) (0.24) 
       

Observations 809 809 804 801 751 569 
       

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1  
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Table 8: Correlation – Productivity & Key Variables (2009-2012) 

Correlation (1) wit (2) wit (3) wit (4) wit (5) wit (6) wit 
 Clinic < 35 35-37 38-40 41-42 43-44 

Marketing Decision:       
  MBG 0.456*** 0.484*** 0.486*** 0.356*** 0.308*** 0.252*** 
Inputs:       
  (Log) # Doctors 0.347*** 0.199*** 0.466*** 0.340*** 0.430*** 0.509*** 
  (Log) # Embryologists 0.154*** 0.234*** 0.170*** -0.166*** 0.065 0.148** 
  Embryologist Dummy 0.079** 0.166*** 0.086** -0.201*** -0.045 -0.026 
  Capital Indicator 0.582*** 0.462*** 0.518*** 0.453*** 0.414*** 0.341*** 
Treatment Decision:       
  (Log) # Embryos (Age) 0.037 -0.287*** -0.223*** 0.069* 0.151*** 0.078 
Clinic Characteristics:        
  Non-Profit 0.125*** 0.108*** 0.142*** 0.145*** 0.137*** 0.252*** 
  (Log) Experience 0.313*** 0.361*** 0.356*** 0.185*** 0.063 0.101* 
  ICSI 0.010 -0.002 -0.038 -0.050 -0.157*** -0.131** 
  Un-stimulated 0.050 -0.037 0.008 0.047 0.087* 0.095 
  Single Woman 0.200*** 0.112*** 0.190*** 0.197*** 0.220*** 0.232*** 
Environment Characteristics: 
  (Log) # Competitors 0.250*** -0.127*** 0.255*** 0.502*** 0.608*** 0.550*** 
  IVF Insurance 0.341*** 0.351*** 0.366*** 0.314*** 0.321*** 0.229*** 
Patient Characteristics: 
  Patient Fertility -0.063* 0.003 -0.055 -0.107*** -0.139*** -0.115* 
Quality Outcome:       
  Live Birth (Age) -0.057* -0.001 -0.057 -0.079** -0.330*** -0.459*** 
  Pregnant (Age) -0.055 -0.028 -0.072* -0.075* -0.279*** -0.493*** 
  Singleton (Age) 0.051 0.033 0.015 0.030 -0.138*** -0.203*** 
  Multiple Birth (Age) -0.038 -0.104*** -0.049 0.019 -0.027 0.164** 
  Miscarriage (Age) -0.010 -0.074** -0.041 -0.005 0.082* -0.081 

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 
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FIGURES 

Figure 1: Treatment Timeline 

 

Figure 2.1: Conception Probability after IVF 𝐲 = 𝐅𝐤
𝟏/∆ 

  

Figure 2.2: Conception Probability Difference between IVF and Natural 

Conception 𝐲 = 𝐅𝐤
𝟏/∆ − 𝐅𝐤 

 

A B C D E F

Patients take 
birth control 
drugs

Patients take 
ovulation 
stimulation 
drugs

Egg retrieval Fertilization: 
sperm is 
exposed to/
injected into 
eggs

Embryos are 
cultured in 
lab

Embryos are 
transferred 
in patients’ 
uterus

0.000

0.200

0.400

0.600

0.800

1.000

1.200

0.000 0.200 0.400 0.600 0.800 1.000 1.200

y=Fk^(1/Δ),	  Δ=2,3,4

y=Fk y=Fk^(1/2) y=Fk^(1/3) y=Fk^(1/4)

-‐0.200

-‐0.100

0.000

0.100

0.200

0.300

0.400

0.500

0.600

0.000 0.200 0.400 0.600 0.800 1.000 1.200

y=Fk^(1/Δ)-‐Fk,	  Δ=2,3,4

y=Fk^(1/2)-‐Fk y=Fk^(1/3)-‐Fk

y=Fk^(1/4)-‐Fk y=P/V



114	  

Figure 3: MBG Clinics VS non-MBG Clinics 
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 APPENDICES 

Appendix A: Insurance Mandate Summary 

 State Year of 
Mandate 

For 
Infertility  

For 
IVF 

Limitations on Insurers or Treatments 

In
fe

rt
il

it
y 

In
su

ra
n

ce
 M

an
da

te
 =

 1
 

IVF Mandate without Restrictions   
  Illinois 1991, 1997 Cover Yes  
  Massachusetts 1987 Cover Yes  
  Rhode Island 1989, 2007 Cover Yes  
  New Jersey 2001 Cover Yes  
  Connecticut 1989, 2005 Cover Yes  
IVF Mandate with Restrictions 
  Arkansas 1987 Cover Yes HMOs exempted; Patient’s eggs must be 

fertilized with her spouse sperm; Patients 
with 2-yr infertility or specific diagnoses a 

  Hawaii  1989, 2003 Cover Yes Patient’s eggs must be fertilized with her 
spouse sperm; Patients with 5-yr infertility 
or specific diagnoses b 

  Maryland 2000 Cover Yes Patient’s eggs must be fertilized with her 
spouse sperm; Patients with 2-yr infertility 
or specific diagnoses c 

Infertility Mandate, excluding IVF    
  California 1989 Offer No  
  Texas 1987, 2003 Offer No Patients with 5-yr infertility or specific 

diagnoses d 
  Louisiana 2001 Cover No  
  New York 1990, 2002 Cover No Group insurers only 
  Ohio 1991, 1997 Cover No HMOs only 
  Montana 1987 Cover No HMOs only 
  West Virginia 1995 Cover No HMOs only 

 No Mandate     
   Other 35 States, D.C.    
Source: Resolve (http://www.resolve.org/family-building-options/insurance_coverage/state-
coverage.html), with reference to Hamilton & McManus (2012), Schmidth (2007), and Jain et al (2002). I 
don’t include the information on insurance mandate after the enactment of Affordable Care Act (2014) 
since my data sample is between 2010 ~ 2012.  
a Specific diagnoses include endometriosis; DES exposure; blocked or surgically removed fallopian tubes 
that are not the result of voluntary sterilization; abnormal male factors contributing to the infertility. 
b & c Specific diagnoses include endometriosis; DES exposure; blocked or surgically removed fallopian 
tubes; abnormal male factors. 
d Specific diagnoses include endometriosis; DES exposure; blockage of or surgical removal of one or both 
fallopian tubes; oligospermia.   
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Appendix B: Construct and Variable Definition 

Construct Variable Name Description 
Clinic Characteristics 𝑿𝒊𝒕, 𝑿𝒊𝒋𝒕: 
  Scale # of Doctors Total number of endocrinologists and urologists 
  Capability Embryologist Dummy Whether the clinic has embryologist(s) 
 Avg Pre Live Birth Rate    

(Clinic i or Age Group j) 
Average live birth rate for all previous years (for 
clinic i or for age group j) 

  Price No Price Dummy Whether the clinic provides price information 
 Price MBG clinics: Price for MBG program divided by # of 

covered cycles 
Non-MBG clinics: Price for single regular cycle 

  Experience Total Previous Cycles Total number of cycles for all previous years (clinic i) 
 Years in Market* Total number of years the clinic exist in the market 
  Service Scope Surrogate Whether the clinic accept gestational carrier 
 Single Women** Whether the clinic provide service to single women 
 Cryopreservation** Whether the clinic provide embryo cryopreservation 

service 
  Accreditation SART Member Whether the clinic is SART member 
 Lab Accreditation** Whether the clinic has lab accreditation 
Environmental Characteristics 𝑬𝒊𝒕:  
  Competition # Competitors in MSA Total number of competitive IVF clinics in its MSA 
 # MBG Competitors in MSA Total number of competitive IVF clinics offering 

MBG in its MSA 
  Insurance Infertility Insurance 

Mandate 
Whether the state has mandate requiring coverage 
for Infertility treatment 

Demographic Characteristics 𝑫𝒊𝒕: 
  Income State Income Average Income of the clinic’s state 
  Population MSA Population Total population of the clinic’s MSA 
Dependent Variables: 
  MBGs MBG (i) Whether the clinic provide MBG program (clinic i) 
  Patient Fertility Patient Fertility (i) Patient fertility based on diagnosis (clinic i) 
  Treatment   
     Aggressiveness 

Avg # of Embryos (i or j) Average number of embryos per fresh non-donor 
transfer (for clinic i or for age group j) 

  Total # of Cycles Total # of Cycles (i or j) Total number of cycles (for clinic i or for age group j) 
  Success Rate Live Birth Rate (i or j) Number of Live births per 100 fresh non-donor cycles 

(for clinic i or for age group j) 
  Multi Birth Risk Multi Birth Rate (i or j) Number of Triplets or more live births per 100 fresh 

non-donor pregnancies (for clinic i or for age group j) 
* Years in Market is not included in the main analysis as it highly correlates to Cycles of 
Previous Years (Clinic) 
** Single Women, Cryopreservation, Lab Accreditation are not included in the analysis 
as they lack variation (means > 0.9) 
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Appendix C: Additional Tables 

Appendix C.1: Probit for MBG & OLS for Number of Cycles (2010-2012) 

 (1) Probit (2) OLS (3) OLS (4) OLS (5) OLS 
Variables/ Measures MBG 

Clinic 
Ln (# Cycles) 

Clinic 
Ln (# Cycles)  

< 35 
 Ln (# Cycles)  

35 - 37 
Ln (# Cycles)  

 38 - 40 
Ln (# of Doctors) 0.551*** 0.697*** 0.638*** 0.725*** 0.761*** 

 (0.16) (0.09) (0.09) (0.08) (0.09) 
Embryologist Dummy 0.085 0.110 0.094 0.097 0.132* 

 (0.16) (0.07) (0.08) (0.07) (0.08) 
Avg Pre Live Birth Rate (by Age) 0.026*** -0.001 0.001 0.003 0.002 

 (0.01) (0.00) (0.00) (0.00) (0.00) 
Ln (Previous Year Cycles)  0.072 0.206*** 0.185*** 0.200*** 0.204*** 

 (0.06) (0.02) (0.02) (0.02) (0.02) 
No Price Dummy -3.718 -2.005 -3.202* -1.608 -1.913 

 (3.90) (1.84) (1.82) (1.83) (2.01) 
Ln (Price) -0.297 -0.227 -0.361* -0.182 -0.216 

 (0.44) (0.21) (0.21) (0.21) (0.23) 
Surrogate Service 0.638** 0.264** 0.220** 0.264*** 0.292** 

 (0.26) (0.11) (0.11) (0.10) (0.11) 
SART Member 0.129 0.099 0.141 0.090 0.054 

 (0.25) (0.10) (0.11) (0.10) (0.11) 
Ln (# Competitors in MSA) -0.125 -0.088 -0.184*** -0.089 -0.058 

 (0.14) (0.06) (0.06) (0.06) (0.06) 
Infertility Insurance Mandate -0.389** 0.240*** 0.097 0.205*** 0.344*** 

 (0.18) (0.07) (0.07) (0.07) (0.08) 
Ln (State Income) -0.347 0.227 -0.071 0.328 0.549** 

 (0.60) (0.24) (0.25) (0.24) (0.27) 
Ln (MSA Population) 0.157 0.127** 0.130** 0.120** 0.168*** 

 (0.12) (0.05) (0.05) (0.05) (0.05) 
MBG - 0.421*** 0.483*** 0.398*** 0.365*** 

  (0.07) (0.07) (0.07) (0.08) 
Year 2011 -0.017 -0.085*** -0.070** -0.135*** -0.143*** 

 (0.06) (0.03) (0.03) (0.03) (0.04) 
Year 2012 -0.016 -0.152*** -0.120*** -0.194*** -0.299*** 

 (0.07) (0.03) (0.03) (0.04) (0.04) 
Constant 2.102 -0.046 3.904 -3.044 -6.046* 

 (7.83) (3.34) (3.38) (3.27) (3.65) 
      

Observations 984 984 984 984 984 
Pseudo R2  / R2  0.257 0.603 0.550 0.596 0.593 

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 
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Appendix C.2: OLS – Number of Embryos per Transfer (2010-2012) 

 (1) OLS (2) OLS (3) OLS (4) OLS 
Variables/ Measures Clinic < 35 35 - 37 38 - 40 

Ln (# of Doctors) -0.009 -0.099*** -0.067** 0.021 
 (0.03) (0.03) (0.03) (0.05) 

Embryologist Dummy 0.003 0.000 -0.017 0.000 
 (0.03) (0.03) (0.03) (0.04) 

Avg Pre Live Birth Rate (Clinic/ Age) 0.000 -0.001 0.000 0.004 
 (0.00) (0.00) (0.00) (0.00) 

Ln (Previous Year Cycles)  -0.001 -0.005 -0.007 -0.009 
 (0.01) (0.01) (0.01) (0.01) 

No Price Dummy 0.411 -0.348 -0.134 0.024 
 (0.90) (0.72) (0.92) (1.23) 

Ln (Price) 0.046 -0.040 -0.015 -0.000 
 (0.10) (0.08) (0.10) (0.14) 

Surrogate Service -0.009 -0.014 -0.065 0.006 
 (0.04) (0.03) (0.05) (0.06) 

SART Member -0.115*** -0.160*** -0.062 -0.131** 
 (0.04) (0.04) (0.05) (0.06) 

Ln (# Competitors in MSA) 0.014 -0.012 -0.016 0.007 
 (0.02) (0.02) (0.03) (0.04) 

Infertility Insurance Mandate 0.156*** 0.068** 0.104*** 0.133*** 
 (0.03) (0.03) (0.03) (0.05) 

Ln (State Income) -0.195* -0.335*** -0.336*** -0.202 
 (0.10) (0.09) (0.11) (0.16) 

Ln (MSA Population) 0.003 0.019 0.020 -0.017 
 (0.02) (0.02) (0.03) (0.03) 

Patient Fertility (Diagnosis) -0.043 0.017 0.005 0.103 
 (0.13) (0.12) (0.15) (0.17) 

MBG -0.069** -0.048* -0.075** -0.064 
 (0.03) (0.03) (0.04) (0.05) 

Year 2011 -0.039 -0.047* -0.047 -0.074* 
 (0.03) (0.03) (0.03) (0.04) 

Year 2012 -0.088** -0.096*** -0.112*** -0.190*** 
 (0.04) (0.03) (0.03) (0.04) 

Constant 3.995** 6.114*** 5.988*** 5.016** 
 (1.62) (1.35) (1.69) (2.31) 
     

Observations 984 984 981 975 
R2 0.114 0.168 0.096 0.065 

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 
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Appendix C.3: OLS – Live Birth Rate (2010-2012) 

 (1) OLS (2) OLS (3) OLS (4) OLS 
Variables/ Measures Clinic < 35  35 - 37  38 - 40 

Ln (# of Doctors) -0.236 -0.271 -1.063 1.130 
 (0.94) (1.09) (1.22) (1.11) 

Embryologist Dummy 0.635 0.988 -0.074 -0.826 
 (0.94) (1.15) (1.23) (1.11) 

Ln (Previous Year Cycles)  -0.418* -0.395 -0.338 -0.294 
 (0.23) (0.29) (0.39) (0.30) 

No Price Dummy 13.194 22.834 8.990 43.137* 
 (26.19) (27.29) (31.06) (25.03) 

Ln (Price) 1.590 2.628 1.166 4.966* 
 (2.95) (3.08) (3.50) (2.83) 

Surrogate Service 0.903 0.729 0.521 3.487** 
 (1.18) (1.53) (2.21) (1.73) 

SART Member 0.562 0.146 0.985 1.098 
 (1.32) (1.71) (2.01) (1.74) 

Ln (# Competitors in MSA) -1.143 0.329 -1.599 -0.251 
 (0.88) (0.98) (1.18) (0.97) 

Infertility Insurance Mandate -0.548 1.077 0.483 1.349 
 (1.04) (1.17) (1.32) (1.18) 

Ln (State Income) -2.198 -2.099 2.191 1.340 
 (3.31) (3.97) (4.58) (4.15) 

Ln (MSA Population) -0.197 -0.685 1.690 -0.145 
 (0.85) (0.93) (1.11) (0.87) 

Patient Fertility (Diagnosis) 4.585 1.157 8.154* 3.867 
 (3.64) (4.42) (4.89) (3.86) 

# Embryos per Cycle (Clinic/ Age) -2.607* -3.827** -2.673 1.444 
 (1.54) (1.88) (1.72) (1.08) 

MBG 2.180** 2.167* 0.742 1.042 
 (1.03) (1.17) (1.19) (1.03) 

Year 2011 -2.116** -1.764 -1.684 -0.925 
 (0.83) (1.16) (1.32) (1.09) 

Year 2012 -2.513*** -1.711 -3.386** -1.258 
 (0.89) (1.15) (1.35) (1.20) 

Constant 52.376 58.279 -17.553 -41.618 
 (50.05) (56.32) (64.24) (56.54) 
     

Observations 984 984 981 975 
R2 0.093 0.028 0.023 0.027 

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 
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Appendix C.4: OLS – Multiple Birth Rate (2010-2012) 

 (1) OLS (2) OLS (3) OLS (4) OLS 
Variables/ Measures Clinic < 35  35 - 37  38 - 40 

Ln (# of Doctors) -0.875*** -0.452* -1.054** -0.822 
 (0.20) (0.24) (0.45) (0.55) 

Embryologist Dummy -0.296 -0.294 -0.714 -0.307 
 (0.22) (0.28) (0.53) (0.58) 

Ln (Previous Year Cycles)  0.113** 0.100 0.202* 0.107 
 (0.05) (0.07) (0.11) (0.12) 

No Price Dummy -0.665 -0.721 8.965 6.633 
 (4.44) (4.73) (14.00) (10.64) 

Ln (Price) -0.079 -0.097 1.076 0.725 
 (0.51) (0.54) (1.60) (1.22) 

Surrogate Service 0.199 0.022 -0.514 2.050*** 
 (0.33) (0.47) (1.13) (0.70) 

SART Member 0.154 0.452 0.709 -1.656 
 (0.34) (0.45) (0.95) (1.31) 

Ln (# Competitors in MSA) 0.128 0.283 -0.334 -0.193 
 (0.16) (0.20) (0.44) (0.59) 

Infertility Insurance Mandate -0.322 -0.097 -0.531 -0.538 
 (0.21) (0.27) (0.55) (0.52) 

Ln (State Income) -1.628** -1.004 -1.258 -1.325 
 (0.64) (0.85) (1.41) (1.96) 

Ln (MSA Population) -0.066 -0.210 0.131 0.633 
 (0.14) (0.19) (0.38) (0.51) 

Patient Fertility (Diagnosis) -0.541 -0.960 -1.415 2.570 
 (0.78) (0.92) (2.09) (2.64) 

# Embryos per Cycle (Clinic/ Age) 2.338*** 3.856*** 4.087*** 1.859*** 
 (0.36) (0.95) (0.67) (0.63) 

MBG -0.131 -0.126 -0.126 0.276 
 (0.19) (0.22) (0.42) (0.67) 

Year 2011 -1.138*** -0.978*** -0.558 -2.144*** 
 (0.30) (0.37) (0.84) (0.77) 

Year 2012 -2.743*** -2.091*** -2.607*** -4.805*** 
 (0.26) (0.34) (0.61) (0.84) 

Constant 18.354** 10.080 -0.909 -1.262 
 (8.34) (10.71) (21.59) (26.79) 
     

Observations 984 984 959 933 
R2 0.223 0.157 0.096 0.076 
Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 
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Appendix C.5: FIML – Number of Embryos per Transfer (2010-2012) 

 (1) FIML (2) FIML (3) FIML (4) FIML 
Variables/ Measures Clinic < 35  35 - 37  38 - 40 

Ln (# of Doctors) 0.047* -0.072*** -0.025 0.062* 
 (0.03) (0.02) (0.03) (0.04) 

Embryologist Dummy 0.008 0.003 -0.011 0.006 
 (0.02) (0.02) (0.03) (0.03) 

Avg Pre Live Birth Rate (Clinic/ Age) 0.003* -0.000 0.001 0.004** 
 (0.00) (0.00) (0.00) (0.00) 

Ln (Previous Year Cycles)  0.004 -0.003 -0.001 -0.002 
 (0.01) (0.01) (0.01) (0.01) 

No Price Dummy 0.036 -0.542 -0.436 -0.264 
 (0.64) (0.52) (0.68) (0.88) 

Ln (Price) 0.017 -0.055 -0.038 -0.022 
 (0.07) (0.06) (0.08) (0.10) 

Surrogate Service 0.040 0.010 -0.026 0.045 
 (0.03) (0.03) (0.04) (0.05) 

SART Member -0.109*** -0.156*** -0.056 -0.125*** 
 (0.03) (0.03) (0.04) (0.05) 

Ln (# Competitors in MSA) 0.004 -0.017 -0.024 -0.001 
 (0.02) (0.02) (0.02) (0.03) 

Infertility Insurance Mandate 0.121*** 0.050** 0.072** 0.102*** 
 (0.03) (0.02) (0.03) (0.04) 

Ln (State Income) -0.210** -0.345*** -0.355*** -0.222* 
 (0.09) (0.07) (0.10) (0.12) 

Ln (MSA Population) 0.016 0.026 0.029 -0.008 
 (0.02) (0.02) (0.02) (0.03) 

Patient Fertility (Diagnosis) -0.059 0.012 -0.003 0.096 
 (0.10) (0.08) (0.10) (0.13) 

MBG -0.394*** -0.208*** -0.346*** -0.331*** 
 (0.05) (0.05) (0.07) (0.10) 

Year 2011 -0.038 -0.047* -0.048 -0.074 
 (0.03) (0.03) (0.03) (0.05) 

Year 2012 -0.088*** -0.096*** -0.113*** -0.190*** 
 (0.03) (0.03) (0.04) (0.05) 

Constant 4.247*** 6.271*** 6.297*** 5.337*** 
 (1.21) (0.99) (1.28) (1.67) 
     

Observations 984.000 984.000 981.000 975.000 
Wald Test for Model Fit 156.431 198.759 113.854 71.606 

Rho 0.607 0.362 0.478 0.364 
LR Test for Independent Eqs. 0.000 0.001 0.000 0.006 

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 
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Appendix C.6: FIML – Live Birth Rate (2010-2012) 

 (1) FIML (2) FIML (3) FIML (4) FIML 
Variables/ Measures Clinic < 35  35 - 37  38 - 40 

Ln (# of Doctors) -2.214*** -2.567** -3.727*** -2.008* 
 (0.77) (1.01) (1.16) (1.13) 

Embryologist Dummy 0.312 0.594 -0.486 -1.335 
 (0.75) (0.97) (1.12) (1.09) 

Ln (Previous Year Cycles)  -0.815*** -0.876*** -0.887*** -0.916*** 
 (0.21) (0.27) (0.32) (0.31) 

No Price Dummy 26.392 40.832 28.717 64.644** 
 (19.76) (25.54) (29.51) (28.67) 

Ln (Price) 2.507 3.947 2.584 6.500** 
 (2.22) (2.87) (3.32) (3.23) 

Surrogate Service -1.053 -1.699 -2.116 0.410 
 (1.07) (1.38) (1.61) (1.57) 

SART Member 0.450 0.094 0.699 0.754 
 (1.05) (1.36) (1.56) (1.52) 

Ln (# Competitors in MSA) -0.717 0.910 -0.938 0.408 
 (0.69) (0.89) (1.03) (1.00) 

Infertility Insurance Mandate 0.739 2.851*** 2.424** 3.630*** 
 (0.82) (1.05) (1.21) (1.18) 

Ln (State Income) -1.075 -0.424 4.027 2.879 
 (2.82) (3.68) (4.24) (4.10) 

Ln (MSA Population) -0.669 -1.306 0.994 -0.823 
 (0.63) (0.82) (0.95) (0.93) 

Patient Fertility (Diagnosis) 4.935 1.482 8.520* 4.286 
 (3.02) (3.89) (4.53) (4.41) 

# Embryos per Cycle (Clinic/ Age) -1.046 -1.871 -0.641 2.500** 
 (1.08) (1.61) (1.48) (1.09) 

MBG 15.765*** 19.053*** 19.863*** 22.247*** 
 (0.89) (1.39) (1.62) (1.30) 

Year 2011 -2.013* -1.621 -1.526 -0.808 
 (1.03) (1.33) (1.54) (1.50) 

Year 2012 -2.326** -1.462 -3.085** -1.032 
 (1.03) (1.34) (1.55) (1.52) 

Constant 32.797 29.716 -48.498 -68.662 
 (37.82) (49.53) (56.83) (54.91) 
     

Observations 984 984 981 975 
Wald Test for Model Fit 377.683 205.742 167.751 309.833 

Rho -0.863 -0.805 -0.776 -0.874 
LR Test for Independent Eqs. 0.000 0.000 0.000 0.000 

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 
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Appendix C.7: FIML – Multiple Birth Rate (2010-2012) 

 (1) FIML (2) FIML (3) FIML (4) FIML 
Variables/ Measures Clinic < 35  35 - 37  38 - 40 

Ln (# of Doctors) -0.666*** -0.222 -2.517*** -0.591 
 (0.23) (0.29) (0.60) (0.66) 

Embryologist Dummy -0.262 -0.254 -0.941 -0.266 
 (0.21) (0.27) (0.58) (0.61) 

Ln (Previous Year Cycles)  0.155** 0.148* -0.093 0.151 
 (0.06) (0.08) (0.17) (0.18) 

No Price Dummy -2.060 -2.526 19.774 5.279 
 (5.63) (7.22) (15.07) (15.81) 

Ln (Price) -0.176 -0.230 1.855 0.643 
 (0.63) (0.81) (1.70) (1.78) 

Surrogate Service 0.406 0.265 -1.992** 2.289** 
 (0.31) (0.40) (0.84) (0.92) 

SART Member 0.166 0.457 0.547 -1.617* 
 (0.30) (0.38) (0.82) (0.87) 

Ln (# Competitors in MSA) 0.083 0.224 0.012 -0.239 
 (0.20) (0.25) (0.53) (0.55) 

Infertility Insurance Mandate -0.458* -0.275 0.531 -0.718 
 (0.24) (0.30) (0.62) (0.68) 

Ln (State Income) -1.746** -1.172 -0.203 -1.486 
 (0.80) (1.04) (2.19) (2.29) 

Ln (MSA Population) -0.016 -0.148 -0.235 0.689 
 (0.18) (0.23) (0.49) (0.51) 

Patient Fertility (Diagnosis) -0.578 -0.992 -1.312 2.528 
 (0.86) (1.10) (2.38) (2.50) 

# Embryos per Cycle (Clinic/ Age) 2.173*** 3.660*** 5.223*** 1.761*** 
 (0.31) (0.46) (0.79) (0.64) 

MBG -1.566*** -1.819*** 10.328*** -1.345 
 (0.50) (0.59) (0.53) (1.68) 

Year 2011 -1.148*** -0.992*** -0.451 -2.152*** 
 (0.29) (0.37) (0.80) (0.83) 

Year 2012 -2.763*** -2.116*** -2.435*** -4.818*** 
 (0.29) (0.38) (0.80) (0.84) 

Constant 20.423* 12.944 -18.622 0.984 
 (10.76) (13.99) (29.31) (30.55) 
     

Observations 984 984 959 933 
Wald Test for Model Fit 281.819 186.491 459.779 77.136 

Rho 0.308 0.283 -0.887 0.123 
LR Test for Independent Eqs 0.001 0.001 0.000 0.295 

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 
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