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ABSTRACT 

This dissertation consists of five chapters. Chapter 1 provides introduction to the research 

framework and questions examined in Chapters 2, 3 and 4. In Chapter 5, I conclude by 

summarizing the key findings and implications. The main focus of this dissertation is 

technology, such as health information technology (IT) and social media, and their relationship 

with care quality and provider performance. 

In Chapter 2, I examine the association between care quality (outcomes), health IT usage, and 

Medicare reimbursements for congestive heart failure cases. This examination was done using a 

three-year hospital-level panel dataset. The main finding is that hospitals with a higher level of 

technology usage tend to experience higher reimbursements. Although this finding supports the 

idea that technology improves efficiency, I do not observe any effectiveness gains, that is, there 

is no reason to believe that improvements are happening because of improvements in clinical 

outcomes. This is one of the first studies to look at reimbursements and how technology impacts 

them in comprehensive way.  
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In Chapter 3, I study whether online reviews of physicians can provide reliable signals for the 

actual clinical outcomes experienced by their patients. To study this question, I leveraged a 

granular patient-admission-discharge dataset alongside physician reviews scraped from a public 

website, Vitals.com. Contrary to findings in recent research, my study finds that there is no clear 

relationship between online reviews of physicians and their patients’ clinical outcomes, such as 

the readmission or the ER visit rate. Hence, online reviews may not be as helpful in the context 

of healthcare services ridden with credence qualities as they usually are for experience goods 

such as books, movies, or hotels. So, patients, providers, and policy makers should be careful 

when inferring physician performance from online physician reviews.   

In Chapter 4, I empirically investigate whether online reviews truly capture a physician’s 

adherence to clinical guidelines. In addition, I examine whether the reviews indeed reflect the 

benefits expected from using an electronic health records (EHR) system. The findings from this 

investigation suggest that there is no significant relationship between adherence to clinical 

guidelines by physicians and their online reviews, but there exists a positive relationship between 

EHR usage and some dimensions of online reviews. The implication of these findings is that, 

although the credence nature of healthcare services might obscure the quality of care delivery 

and make online reviews somewhat unreliable, efficiency improvements from increased use of 

health IT translates into positive patient perceptions, providing a natural motivation for a greater 

adoption. 
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The above-mentioned findings have important implications for several stakeholders including 

healthcare providers, patients, and policymakers. In Chapter 5, I summarize them alongside 

conclusions that can be drawn from Chapters 2, 3 and 4. 
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CHAPTER 1 

 

INTRODUCTION 

 

Health Information Technology (HIT, health IT) has become an integral of the healthcare 

landscape in the United States. Alongside health IT, another phenomenon has grown in 

prominence, which is the use of social media. Social media is also relevant to healthcare because 

it allows patients to search and share information about the healthcare providers such as 

physicians. In this dissertation, I examine the relationship or lack thereof between the use of 

these emerging technologies and the monetary and clinical outcomes for the providers and 

patients. This is one of the first attempts to study the implications of the aforementioned 

technologies in a unified way. This has important implications for all the parties—patients, 

providers, payers, and policymakers—which I discuss in detail. 

The interplay between healthcare service quality, health IT, and reimbursements for 

healthcare services is an understudied phenomenon.  To address this, in Chapter 2 of this 

dissertation, I propose a unified framework to empirically examine the association between 

healthcare quality, health IT usage, and Medicare reimbursements for congestive heart failure 

(CHF) cases. Hospital-level data from multiple sources, including Medicare, the Centers for 

Medicare and Medicaid Services (CMS) Hospital Compare, and the Healthcare Information and 

Management Systems Society (HIMSS) Analytics, were obtained and integrated for the analyses 

reported in this chapter. My empirical analyses, based on a three-year panel dataset of CHF 

patients, indicates a positive association between the usage of health IT systems and the 

magnitude of average Medicare payments, suggesting that hospitals with greater usage of health 
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IT exhibit higher Medicare reimbursements. In other words, the use of health IT has the potential 

to streamline the claims process within hospitals, resulting in greater financial rewards. 

 Current trends indicate that patients who take an active role in managing their health also 

seek and use information obtained from online reviews of physicians. However, it is far from 

certain whether online physician reviews accurately capture the true quality of care provided by 

the physicians. Although recent research has examined this question in the context of surgeries 

and found reviews to be somewhat useful, it is not clear that the same also holds in the context of 

chronic care, where the treatment is not episode-driven and the concept of a recovery at the end 

of an episode is essentially moot. In the absence of a visible recovery (or a lack thereof), can we 

really expect the patients to leave feedback that provides useful signals about the true 

performance of their physicians? In Chapter 3, I address this issue by rigorously examining the 

link between online physician reviews available on a public website and the actual clinical 

outcomes reported in a patient-admission-discharge dataset collected from a secondary data 

source. Contrary to findings in recent research, I find that there is no clear relationship between 

online reviews of physicians and their patients’ clinical outcomes, such as the readmission or the 

ER visit rate. The lesson is two-fold: (a) Online reviews may not be as helpful in the context of 

healthcare services ridden with credence qualities as they usually are for experience goods such 

as books, movies, and hotels. (b) Treatments for long-term chronic diseases are far more 

credence when compared to surgeries or other episode-driven acute care services, so one needs 

to be even more careful in using online reviews of chronic care physicians. My findings have 

important implications for all stakeholders including physicians, patients, and policymakers. 
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 Increasing transparency of the healthcare delivery process is key to implementing patient-

centered care. To achieve transparency, the Centers for Medicare and Medicaid Services (CMS) 

has initiated the Physician Quality Reporting System (PQRS). In addition, the government has 

promoted adoption and usage of Electronic Health Records (EHR), which is expected to provide 

a greater access to relevant patient information. However, it is unclear whether these initiatives 

translate into better online ratings among their patients. This issue is of particular interest since 

online review websites are fast becoming a crucial part of patient-centered care, and more and 

more patients are beginning to rely on them to make physician choices. Further, it is unclear 

whether these reviews faithfully capture a physician’s adherence to clinical guidelines stipulated 

in the PQRS system or the benefits expected from using an EHR system. The findings in Chapter 

4 suggest that there is no significant relationship between adherence to clinical guidelines by 

physicians and their online reviews, but there exists a positive relationship between EHR usage 

and some dimensions of online reviews. The implication is that, although the credence nature of 

healthcare services might obfuscate the quality of care delivery and make online reviews 

somewhat unreliable, efficiency improvements from increased use of health information 

technology translates into positive patient perceptions, providing a natural motivation for a 

greater adoption. 
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CHAPTER 2 

 

HEALTH INFORMATION TECHNOLOGY, CLINICAL OUTCOMES AND  

 

MEDICARE REIMBURSEMENTS: A HOSPITAL-LEVEL ANALYSIS1 

 

 

2.1 Introduction 

How to manage healthcare quality and costs has become a prominent topic of debate and 

research in the last decade. There are several environmental and organizational factors that affect 

the healthcare costs borne by providers, the reimbursements (payments) by payers, and the 

quality of care (care outcomes) experienced by patients. One such factor is the increasing use of 

health information technology. The prominence of technology has, in fact, gone up significantly 

since the passage of the Health Information Technology for Economic and Clinical Health 

(HITECH) Act, which was enacted under Title XIII of the American Recovery and Reinvestment 

Act of 2009. As a part of this act, the US Department of Health and Human Services has 

provided more than $20 billion in incentives to promote the adoption and usage of health IT. 

 The US healthcare system is moving from a fee-for-service (FFS) to value-based 

reimbursement model, resulting in a fundamental shift in the way that payers reimburse 

providers for healthcare delivery. The Obama administration made significant efforts to revise 

and improve Medicare and Medicaid insurance programs—with a unifying theme of rewarding 

physicians and hospitals for improving healthcare service quality—using value-based care 

reimbursement models. A value-based payment model is expected to create cost savings, by 

                                                           
1 Chapter 2 is based on the paper, “Healthcare outcomes, information technology, and Medicare 

reimbursements: a hospital-level analyses,” published in the Int. J. Electronic Healthcare in 2017 

(Vol. 9, Nos. 2/3).  I would like to thank Inderscience Publishers for granting me the permission 

to include it in this dissertation. 
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tying payments more closely to health outcomes. In this regard, the Patient Protection and 

Affordable Care Act (PPACA, also known as ACA) and the HITECH Act, together, are expected 

to impact healthcare outcomes through greater emphasis on value-based reimbursements. 

Supporters of these efforts strongly believe that this change will improve the quality of 

healthcare service and decrease costs. Although some quality improvements have been observed, 

we need to wait for at least a few more years before it is possible to observe the impact of these 

initiatives on Medicare costs.2 Nevertheless, health IT is expected to play a substantial role in the 

transformation of the nation’s healthcare costs. With the changing landscape of healthcare and a 

constant push towards implementation of health IT, it is becoming increasingly important for 

healthcare and information systems researchers to understand how the health IT itself, as well as 

its interplay with healthcare quality, can affect healthcare costs and reimbursements. 

 Some prominent economic arguments have been proposed to explain the rapid increase in 

healthcare costs; these include cost shifting (Frakt 2011) and the effect of market concentration 

among healthcare providers and payers. Cost shifting in the healthcare industry occurs when one 

group of payers bear a higher share of the costs incurred by healthcare providers. An intriguing 

phenomenon is the sizeable variation in charges across hospitals and reimbursements made to 

them by Medicare. In 2013, Medicare released data on average hospital charges and payments 

from approximately 3,000 US hospitals, organized by diagnosis related group (DRG), for three 

types of disease categories: major complications and comorbidities (MCC), complications and   

comorbidities (CC), and neither MCC/CC. I noticed that the average payment (reimbursement) 

                                                           
2 Accessed on 5/17/2018 from https://www.nbcnews.com/health/health-care/new-medicare-

rules-will-change-it-doctors-n666511 
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per heart failure-MCC case varied widely from under $7,000 for one hospital to over $34,000 for 

another. 

 It has been argued that hospital charges may not accurately reflect hospital costs, since 

charges billed by healthcare providers may incorporate elements of strategic negotiation.3 

Significant disparities have been found in charges for identical procedures and services within 

the same city.4 A hospital may over-charge in the expectation of receiving higher 

reimbursements from payers.  Reimbursements,  on  the  other  hand,  are  based on 

comprehensive contracts between healthcare  providers  and  payers,  accounting for complexity 

of procedures and other risk factors that are associated with hospital stays. Examination of the 

causes of variations in reimbursements for similar procedures and DRGs can therefore provide 

useful insights to practitioners and researchers. In particular, studying the association between 

Medicare reimbursements, health quality outcomes, and health IT can offer important insights 

into the extent variations in healthcare reimbursements can be explained by the care quality and 

health IT usage. This is essentially the task I undertake in this chapter. Also, there is a dearth of 

research on the association between healthcare payments and healthcare service quality. I 

address that gap by studying the relationship between healthcare quality, health IT usage, and 

reimbursements to providers, using Medicare as an illustrative example.5 My focus is on the 

hospital-level relationship between the healthcare quality (measured in terms of mortality and 

                                                           
3 Accessed on 5/17/2018 from https://www.forbes.com/sites/rickungar/2013/05/08/the-great-

american-hospital-pricing-scam-exposed-we-now-know-why-healthcare-costs-are-so-artificially-

high/#3ede56353bff 
4 Accessed on 5/17/2018 from https://www.nytimes.com/2013/05/14/opinion/why-hospital-

charges-vary-so-much.html?_r=0 
5 Accessed on 5/17/2018 from https://hcup-us.ahrq.gov/reports/statbriefs/sb160.jsp (Medicare 

accounts for approximately 47% of the national inpatient costs) 



 

7 

readmission rates), the level of health IT usage (the implementation of electronic medical 

records, computerized physician order entry, and structured physician documentation), and the 

average Medicare payment to the hospital. 

 I draw upon multiple data sources, including recently released Medicare reimbursements 

data by the CMS, as well as data on hospital characteristics and IT usage from the CMS Hospital 

Compare and the HIMSS Analytics databases, respectively. The key findings of this chapter are 

as follows: 

1. a weak negative association between the mortality rate and Medicare payments, 

2. a weak positive association between the readmission rate and Medicare payments, and 

3. a weak positive association between the use of health IT and Medicare payments. 

 In other words, I find that hospitals with a greater mortality rate are likely to receive 

lower Medicare payments (on average), which is in line the expectation that hospitals that deliver 

better outcomes should also be rewarded more. However, I also find that hospitals with greater 

readmission rates are likely to receive higher average payments, as though they are getting 

rewarded when they should not be. This apparent anomaly can be explained by the fact that, 

during the time of the study, the switch to the value-based model was far from over and there 

were significant remnants of the previously-dominant fee-for-service (FFS) model. 

Notwithstanding this ambiguity, the hospitals seem to benefit financially from a greater use of 

health IT (in terms of higher reimbursements), suggesting that technology can bear fruits even in 

the midst of an ambiguous transitory period. 
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2.2 Background 

In order to motivate the research questions and hypotheses, we need to understand the related 

streams of research. I draw upon the extant research in the fields of health IT and economics to 

motivate this chapter, and highlight the gaps in the prior research. Let us note that, in a FFS 

reimbursement environment (which dominates the period of the analysis in this chapter), 

healthcare claims are paid based on the type and number of procedures performed (such as tests 

and other services) documented on the provider(s) claim. A FFS system incentivizes over-

utilization of services, leads to wasteful use of resources, and rewards healthcare providers based 

on the volume of services provided. Providers have no incentives to reduce duplication of 

redundant services (Bardhan et al. 2014), as they are reimbursed based on the service volume, 

irrespective of the quality of care provided. In other words, they lack incentives to coordinate 

patient care in a manner that improves the overall quality of healthcare delivery. 

 To understand the dynamics of the mechanisms that govern variations in Medicare 

reimbursements across hospitals (for the same DRGs), one needs to understand the 

environmental and internal forces affecting a hospital’s costs, pricing power, health IT usage, 

and care quality. As noted already, one argument that has been proposed, to explain differences 

in charges across hospitals, is cost shifting, which suggests that hospitals charge private payers 

more to cover for their shortfalls incurred to provide care to Medicare, Medicaid, and uninsured 

patients. An alternate perspective argues that cost shifting is not of substantial magnitude, and 

that differences in the charges can be attributed to the evolution of hospitals and health plan 

market structures, and changes in their underlying costs (Frakt 2011). Another line of argument 

is that a single payer system can better control healthcare costs and ensure equitable payments 
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(Reinhardt 2011). Shortfalls between Medicare/Medicaid payments and incurred costs can lead 

hospitals in concentrated provider markets to focus on raising prices to private insurers while 

cutting back on the quality of healthcare services (Robinson 2011). Health plans (payers) with a 

larger patient base can better extract volume discounts across hospitals (Wu 2009). 

 On the other hand, integrated care delivery systems may exhibit higher charges, if 

hospitals and physicians negotiate together (Robinson 2011). For certain inpatient procedures, 

Medicare episode payments have been found to vary between 49% and 130% across hospitals, 

after adjusting for differences in payments, because of factors such as geography or illness 

severity. For example, payments to the highest cost hospitals can be higher than the lowest cost 

hospitals by up to $2,549 (per procedure) for colectomy, and $7,759 for back surgery (Miller et 

al. 2011, White et al. 2014). Must-have hospital systems and physician groups, which health 

plans need to maintain in their networks to stay attractive to employers and patients, can also 

extract higher payment rates from insurers (Bardhan et al. 2015). 

 Prior research shows that high-cost hospitals exhibit the following characteristics: they 

tend to be larger or teaching hospitals, belong to systems with a large market share, provide 

specialized services, receive significant revenues from non-patient sources such as state 

Medicaid funds, and score worse on objective measures of quality (White et al. 2014). Variations 

in physician payments can be explained by the patient age, patient gender, physician specialty, 

place of service, physician affiliation with a network, insurance type, and geographic area of the 

practice (Baker et al. 2013). Using patient-reported outcome measures, Gutacker et al. (2013) 

report a U-shaped relationship between risk-adjusted costs and outcomes for hip replacement 

surgery. 
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 Hence, the extant research reports mixed evidence on the relationship between healthcare 

reimbursements and healthcare quality (outcomes), and it is not clear as to what role health IT 

plays in such an environment. This chapter attempts to address this gap by investigating the 

relationship between healthcare quality outcomes and Medicare reimbursements (at the hospital 

level), while examining the role of health IT in influencing this relationship. 

2.2.1 Health Information Technology 

There have been a significant number of studies that have examined the effect of health IT on 

clinical charges and outcomes/quality. In this section, let me briefly describe some of these 

studies that are related to this work. Physician access to computerized imaging results and 

electronic lab tests is associated with a greater likelihood of ordering additional imaging and 

blood tests (McCormick et al. 2012). Decision support tools, designed to help physicians detect 

and correct medical missteps, can lower average charges (Javitt et al. 2008). Use of health IT—

financial, administrative, and clinical IT systems—has been associated with declining hospital 

costs three and five years after their adoption (Borzekowski 2009). Overall, health IT systems, 

such as computerized physician order entry (CPOE), electronic medical records (EMR), 

structured physician documentation (SPD), and clinical decision support systems (CDSS), are 

expected to bring greater transparency to healthcare costs and payments. 

 Further, health IT usage has been associated with improved efficiency of healthcare 

processes through reduced duplication of tests and medical errors, as well as higher quality of 

services (Ayabakan et al. 2014). While past studies on the effect of health IT on the quality of 

medical outcomes, such as medication errors, readmission rates, inpatient mortality, length of 

stay (LOS), etc., have shown mixed results, more recent studies based on patient-level data have 
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found that usage of health IT is associated with lower readmission rates (Bardhan et al. 2015) 

among congestive heart failure (CHF) patients. CHF (non-hypertensive) are two of the ten most 

expensive conditions (aggregate hospital costs) treated in US hospitals (all payers), as per a 2011 

report by Healthcare Cost and Utilization Project (H-CUP).6 

 Health IT systems, such as CPOE and electronic health records (EHR), can have larger 

effects on care quality in academic hospitals, and may be more valuable for patients with 

multiple comorbidities and greater illness severity as they require coordination among physicians 

ordering a variety of prescriptions and lab tests (McCullough et al. 2010). Even with the touted 

benefits of health IT, adoption of IT in the US healthcare industry has been slow. There are in 

fact benefits above and beyond a higher care quality and clinical efficiency. For instance, 

significant savings have been reported among patients who use the Health Buddy tele-health 

program, which integrates a tele-health tool with care management for chronically ill Medicare 

beneficiaries (Baker et al. 2011). Using a controlled study of 11 nursing homes, Grabowski and 

O’Malley (2014) find that switching from on-call to telemedicine physician coverage at nursing 

homes can generate cost savings to Medicare in excess of the facility’s investment in the service. 

These savings are generated through fewer hospitalizations of the residents of those facilities 

more engaged in the telemedicine program. 

 Clinical information systems tend to improve hospital output in the short run, but the 

association between administrative information systems and hospital performance (measured as 

labor productivity) tends to be negative in the short run (of two years) and positive only in the 

long run (over four years) (Menon et al., 2009). In the long run, telemedicine can also change the 

                                                           
6 Accessed on 5/17/2018 from https://hcup-us.ahrq.gov/reports/statbriefs/sb160.jsp 
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competitive equilibrium between specialty hospitals and community hospitals, with both hospital 

types benefiting significantly from delivering complementary care to chronic patients, rather than 

continuing to compete with each other (Rajan et al., 2013). Reviewing the contemporary 

literature, Buntin et al. (2011) found that 92% of the papers on health IT reached overall positive 

conclusions on the effect of health IT on outcomes, including quality, efficiency, and provider 

satisfaction, and that benefits of health IT are beginning to emerge in smaller practices and 

organizations as well as large, early adopters. For example, after deployment of EMRs in a small 

outpatient clinic, and their integration with radiology information systems and picture-archiving 

and communication systems (PACS), clinical-process lead-times have been found to improve 

significantly, along with satisfaction among referring physicians who are active users of these 

technology-enabled functionalities (Ayal and Seidmann 2009, Lahiri and Seidmann 2012). 

 Falan and Han (2011) examined how health IT can be used to support information 

requirements related to documentation, standardization, and design and implementation of 

healthcare processes. Mitchell and Yaylacicegi (2012) investigated EHRs and their relationship 

to quality of care and patient safety in a hospital environment. They categorized EHRs into four 

functional groups: patient information data, results management, order entry and decision 

support, to study the impact of these functions on operational outcomes, measured in terms of 

patient safety and care quality. My work contributes to this research stream by investigating the 

relationship between health IT usage and healthcare outcome/quality measures, such as the 

mortality rate and readmission rate, and the relationship between health IT usage and Medicare 

reimbursements. I focus on three kinds of commonly used health IT applications, and their 

impact on healthcare outcomes. 
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 Although there have been several studies on the relationship between health IT and 

healthcare outcomes, there is a shortage of studies that examine the effects of healthcare 

outcomes and health IT on reimbursements to healthcare providers. It is imperative to study 

these relationships through a unified framework, since health IT is expected to play an 

increasingly prominent role, with respect to both healthcare outcomes and their impact on the 

reimbursements, as the effects of ACA and HITECH begin to penetrate the healthcare industry. 

In this chapter, I intend to address this gap in the literature by examining the association between 

health IT usage, healthcare quality outcomes, and Medicare reimbursements, leveraging a unified 

framework. Studying these relationships can provide vital insights into the extent to which 

Medicare reimbursements are affected by investments in health IT at a critical juncture of the 

evolution of the healthcare industry in the US. Notably, per the Hospital Cost Utilization Project 

(HCUP) report, released in August 2013, congestive heart failure is among the top 10 most 

expensive conditions treated (among inpatient costs), and hence CHF patients form the basis of 

the empirical analysis in this chapter.7 

2.3 Research Hypotheses 

As we examine the relationship between health IT usage and Medicare reimbursements, we need 

to also examine the relationship between healthcare quality and Medicare reimbursements. This 

is because health IT usage may not only be directly associated with Medicare reimbursements, 

but also indirectly through healthcare outcomes, such as the mortality and readmission rates. To 

examine the latter association, however, we need to first examine the direct relationship between 

health IT usage and care outcomes. In this regard, I motivate my first hypothesis as follows. 

                                                           
7 Accessed on 5/17/2018 from https://hcup-us.ahrq.gov/reports/statbriefs/sb160.jsp 
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 The customary payment structure in the US healthcare system has been the FFS model, 

which compensates providers based on the number of (and the difficulty level of) the services 

that they provide. In this environment, providers are not held accountable for the quality of their 

services, and in significant number of situations, the FFS structure can incentivize providers to 

deliver as many services as possible, regardless of the care outcomes. On the other hand, the pay-

for-performance (or value-based payment) model offers financial incentives to providers to 

improve service quality and efficiency.8 In such a scenario, providers are reimbursed based on 

their achievement of certain quality metrics related to patient outcomes and quality of care 

delivery (James 2012). Pay-for-performance has become popular among policy makers and 

payers, including Medicare and Medicaid as well as private insurance companies. The ACA has 

expanded the use of pay-for- performance in Medicare and encourages greater experimentation 

by providers to identify designs and programs that are most effective. 

 With the healthcare landscape changing from a FFS to value-based reimbursement 

model, it is important to understand how reimbursements (received by healthcare providers) may 

be affected by their quality of healthcare delivery. Under a value-based reimbursement scenario, 

providers and payers will need to transform their respective billing and payment structures, and 

these changes should incorporate the quality of service provided. For example, a lower 30-day 

hospital readmission rate would indicate that patients are less likely to be readmitted for the same 

initial diagnosis, and can potentially yield significant cost savings to healthcare providers (and 

payers) by reducing costs associated with re-treatment. The shift to value-based reimbursement 

also places greater emphasis on tying reimbursements to the quality of care delivery. 

                                                           
8 Accessed on 5/17/2018 from https://www.ced.org/blog/entry/top-healthcare-stories-for-2016-

pay-for-performance 
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Participating hospitals are paid based on the quality of inpatient acute care, and not just the 

quantity of the services that they provide. 

 However, in a FFS environment, there is a lack in incentives to link the quality with 

reimbursements, since payers reimburse providers based on the volume of services that they 

provide.9 Under Medicare’s prospective payment system (PPS), hospitals are reimbursed at a 

pre-determined rate per inpatient admission (Chen et al. 2015). Clinical information is used to 

classify each patient into diagnosis- related groups (DRG), and each DRG has a payment weight 

associated with it (based on the average resources needed to treat a Medicare patient with a 

specific diagnosis). In theory, PPS incentivizes hospitals to use resources efficiently, especially if 

a given provider tends to incur higher than average costs. However, in reality, although PPS 

appears to have lowered costs, it has come at the expense of cost shifting, cream-skimming 

behavior (seeking “profitable” patients), or a lower quality of care (Chen et al. 2015). Since 

reimbursements are benchmarked to the cost of treating the average patient, PPS can encourage 

hospitals to avoid treating sicker patients. It may also encourage hospitals to discharge patients 

earlier, even if that means a greater risk of future readmissions (Bardhan et al. 2015). Given that 

the analysis period in this chapter primarily encompasses a FFS reimbursement environment, I 

hypothesize that average Medicare payments are significantly associated with variations in 

healthcare quality outcomes across hospitals. 

Hypothesis 1: Average Medicare reimbursements are significantly associated with the quality of 

patient health outcomes. 

                                                           
9 Accessed on 5/17/2018 from https://www.wsj.com/articles/should-the-u-s-move-away-from-

fee-for-service-medicine-1427079653 
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 Higher mortality rates imply poor quality of healthcare delivery. According to a recent 

report by Kaiser Health News (2013), mortality rates of Medicare patients account for 25% of a 

hospital’s score in reimbursement calculations (Zhou et al., 2010).10 If healthcare quality, as 

measured in terms of the mortality rate, improves (i.e., if a hospital’s mortality rate decreases), 

then its average Medicare payment can be expected to increase. This is because the mortality 

rate—the number of Medicare patients who died in the hospital or within a month of discharge—

accounts for 25% of the hospital’s score used by Medicare.11 Based on such reimbursement 

criteria, we can only expect hospitals and other providers to focus on lowering their inpatient 

mortality rates. Hence, I hypothesize that hospitals with higher mortality rates are likely to 

receive lower average Medicare payments. 

Hypothesis 1a: Hospitals with higher mortality rates are more likely to receive lower average 

payment from Medicare. 

 Moving on to readmissions, a lower readmission rate signals a higher level of care quality 

because it implies lower overall costs associated with re-treatments for the same principal 

diagnosis. In a FFS model, reimbursements depend on the number of services provided, which 

only encourages readmission, with duplicate services (such as the same test conducted again and 

again) and additional treatments necessary to address a deteriorating condition often leading to 

more charges (claims) and correspondingly higher reimbursements. A FFS model can thus 

incentivize providers to offer as many services as possible to patients, some of which may be 

unnecessary or duplicate tests, without regard to outcomes or evidence-based guidelines.  

                                                           
10 Accessed on 5/17/2018 from https://khn.org/news/value-based-purchasing-medicare/ 
11 Accessed on 5/17/2018 from https://khn.org/news/value-based-purchasing-medicare/ 
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Further, recent research has shown that CHF patients who are not treated as per the CMS 

guidelines are likely to exhibit a higher readmission risk (Bardhan et al. 2015). As explained 

above, higher readmission rates, in turn, are associated with greater reimbursements in a FFS 

environment as well as a higher average Medicare payment for each patient visit. Since the 

Medicare reimbursement data used in this chapter corresponds to the 2011–2013 period, before 

the ACA readmission penalties went into effect, we expect the FFS model to dominate value-

based payments in the sample. In fact, hospitals were quite slow then in their transition to a 

value-based payment model.12 Hence, I hypothesize that hospitals with higher readmission rates 

are also likely to exhibit higher average Medicare payments. 

Hypothesis 1b: Hospitals with higher readmission rates are more likely to receive higher 

average payments from Medicare. 

 Finally, an increased adoption and usage of health IT systems can improve the efficiency 

of workflow in healthcare organizations. Health IT systems, such as CPOE, EMR and SPD 

system, enable healthcare providers to streamline the revenue cycle, and hospitals can 

substantially  improve  the  proportion  of  correct  claims,  along   with   improvements in the 

efficiency and accuracy of claims processing, through auto adjudication filters. Although a recent 

study by Adler-Milstein and Jha (2014) reported that there is not enough empirical evidence to 

suggest that hospitals implementing EHRs can increase their reimbursements, that study did not 

isolate the impact of these systems on reimbursements at the DRG level. The nuances at the 

                                                           
12 The transition to a value-based payment model started in 2014, after the Supreme Court upheld 

the Affordable Care Act, and the first wave of Accountable Care Organizations (ACOs) showed 

promise in controlling costs by linking reimbursements to healthcare quality and patient health 

outcomes. 
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DRG level cannot be ignored, however. For example, using DRG-level data from a random 

sample of hospital charts, Carter et al. (1990) reported that one-third of the change in DRG 

payments could be attributed to changes in the coding practice. Hospitals could up-code patients’ 

diagnosis codes, potentially resulting in significant increases in Medicare reimbursements. 

However, this latter study was conducted so long back that it is impossible to draw any insights 

from it in today’s context. 

 Notwithstanding the findings of Adler-Milstein and Jha (2014), it is important to examine 

the relationship between Health IT usage and reimbursements at the DRG level because this 

technique can significantly mitigate possible biases in the estimated coefficients, which may 

occur because of the unobserved idiosyncratic nature of different DRGs. Another key difference 

between this chapter and the work of Adler-Milstein and Jha (2014) is that they have used binary 

variables to represent the adoption of physician documentation and CPOE. In contrast, I deploy a 

continuous variable that captures the usage levels of EMR, CPOE, and SPD within hospitals. 

The variation in the health IT usage variable here enhances the robustness of the coefficient 

estimates. 

 By improving the decision-making processes for physicians, reducing medication error 

rates, and enabling more efficient documentation, health IT systems are expected to improve the 

effectiveness of the healthcare delivery and billing processes. Implementation of EMR systems 

enables greater transparency and visibility of information flow across the patient care continuum, 

and improves clinical workflow across multiple stakeholders (Bardhan and Thouin 2013). 

Hence, I argue that health IT systems improve the overall efficiency of healthcare processes 
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which, in turn, is associated with an increase in average payments received by the providers (i.e., 

reimbursement per discharge). 

 Another explanation of how health IT systems can enhance hospitals’ revenues is that 

EMR systems can be used strategically by hospitals.  For instance, Li (2014) reported that the 

proportion of patients assigned to higher-paying DRGs, after adoption of EMRs, increases 

significantly.  The key outcome variable in her study is the fraction of patients who are assigned 

to a higher-paying code (with complications) within each DRG pair. Her findings indicate that 

hospitals exhibit considerable sophistication in using EMRs. However, whether this leads to 

higher reimbursements is still not known. To address this, I test the hypothesis that a higher level 

of usage of health IT systems is actually associated with an increase in average payments, 

potentially through improvements in the overall efficiency of healthcare processes, better 

comprehensive documentation of claims and reimbursements procedures, as well as up-coding of 

DRGs during the billing cycle. 

Hypothesis 2: Hospitals with greater level of health IT usage are more likely to realize higher 

average payments from Medicare. 

 We can now draw on the proposed hypotheses to develop a conceptual framework of the 

mechanisms through which health IT is associated with health outcomes, which, in turn, can 

influence reimbursements. In addition to the direct association between health IT usage and 

average Medicare payments, we can expect an indirect association between health IT and 

average payments, through changes in healthcare (quality) outcomes. In other words, we expect 

the relationship between health IT usage and average Medicare payments to be partially 

mediated by healthcare quality, as measured using the mortality rate and readmission rate. While 
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the direct association between health IT usage and average payments signifies improvements in 

efficiency, the indirect association signifies effectiveness of patient care. 

 It is useful note that several prior studies have examined the impact of health IT on health 

quality outcomes, and have reported mixed results. For example, the use of secure patient-

physician email is associated with improvement in effectiveness of care, as measured by the 

healthcare effectiveness data and information set (Zhou et al. 2010). Likewise, a simulation tool, 

designed to assess the effectiveness of medication orders generated through CPOE systems, has 

been found to detect 53% of medication orders that would have resulted in fatalities (Metzger et 

al., 2010). Some other studies have also reported that health IT is associated with an increase in 

Medicare charges (not reimbursements, which is the focus of this work), but has little impact on 

patient mortality, adverse drug events, and readmission rates (Agha 2014). 

 While hospitals with lower mortality rates are likely to receive greater average Medicare 

payments, let us recall that lower readmission rates are likely to be associated with lower 

Medicare reimbursements in an FFS environment. Thus, the mediation effect of readmissions on 

the relationship between health IT and reimbursements is an open research question. I explore 

this research question empirically using archival data on hospital IT usage, quality outcomes, and 

Medicare reimbursements. 

2.4 Research Data 

Data for the research in this chapter was obtained from multiple sources. Hospital-level DRG 

data for the dependent variable of interest, average payments, was obtained from the Medicare 

Inpatient Prospective Payment System (IPPS) database, which was publicly released in 2011. 

The CMS has released three years of IPPS data, on Medicare provider utilization and payments, 
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for fiscal years (FY) 2011–2013. This data contains hospital-specific average charges and 

payments, for the top 100 most frequently billed discharges, for more than 3,000 US hospitals 

that received Medicare IPPS payments. These DRGs represent more than seven million 

discharges, or 60% of all Medicare IPPS discharges. The data on average Medicare payments 

include the MS-DRG amount (Medicare Serveity-DRG), bill total per diem, beneficiary part ‘A’ 

coinsurance, beneficiary deductible, and beneficiary blood deductible. For each DRG, average 

payments are calculated at the individual hospital level.13 

 Next, I obtained data on hospital characteristics, such as ownership and teaching status, 

from the CMS Hospital Compare database.14 This data source also provides information on 

hospital quality, including data on the patient mortality and readmission rate, across several 

years. I then obtained hospital IT usage data from the HIMSS Analytics database for the period 

between 2010 and 2012. It represents a comprehensive, nationally representative, annual survey 

of hospital chief information officers across a large cross-section of hospitals in the US. This 

dataset contains data on usage of various types of health IT applications, as well as other hospital 

IT characteristics including spending and governance. For the purpose of empirical examination 

in this chapter, I focus specifically on the usage data for three types of hospital IT applications, 

EMR, CPOE, and SPD, since they provide a majority of functionality that is typically used by 

clinicians and hospital administrators. 

 The CMS Hospital Compare database also provides data on the hospital case mix index 

(CMI), which allows me to control for the average severity of (patient) diagnosis based on 

                                                           
13Accessed on 5/17/2018 from https://www.cms.gov/Research-Statistics-Data-and-

Systems/Statistics-Trends-and-Reports/Medicare-Provider-Charge-Data/Inpatient.html 
14 Accessed on 5/17/2018 from https://data.medicare.gov/data/hospital-compare 
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patient discharges from each hospital in the dataset. The CMS also provides additional data on 

whether a hospital is located in rural or urban areas, and on the specific geographical region of 

location (New England, mid-Atlantic, south-Atlantic, north-east central, north-west central, 

south-east central, south-west central, pacific, and mountain). Hence, I created the data sample 

by merging data from three different data sources (IPPS, HIMSS, and CMS Hospital Compare), 

based on matching identifiers such as the hospital name and zip code, for each year. The final 

dataset is a balanced panel, consisting of 1,620 hospitals for each of the three years. 

 The baseline models are estimated using one-year, lagged explanatory variables. The 

lagged explanatory variables mitigate possible simultaneity effects between average Medicare 

payments and the explanatory variables in my model. Data collection began with the retrieval of 

data on healthcare quality for CHF cases for each hospital in the Hospital Compare database, 

from 2010 to 2012 (due to the one-year lag). Data from HIMSS and Medicare IPPS, were 

merged with that from the Hospital Compare, using a unique identifier created by concatenating 

hospital name, zip code, year, and principal diagnosis code (CHF), for each observation. 

2.5 Variable Description 

AveragePayments is calculated as the average of all Medicare payments to the provider (i.e., 

hospital) for a specific DRG, and includes the DRG amount, as well as adjustments for hospital 

teaching status, disproportionate share, capital, and outlier payments. Average payments also 

include the patient co-payment and deductible amounts that the patient is responsible for, as well 

as payments by third parties, for coordination of benefits. AveragePayments is also titled 

‘Average Total Payments’ in the IPPS database. I use the term, AveragePayments, to avoid any 

possible confusion and make the inference concise. 



 

23 

 MortalityRate and ReadmissionRate represent a hospital’s 30-day death (mortality) rate 

and 30-day readmission rate, respectively, related to the same principal diagnosis as the index 

patient admission. Both measures are reported annually in the Hospital Compare database, 

during the three-year period of the analysis. 

 HealthIT measures the extent of hospital-level usage of health IT applications. It is 

constructed as the average usage of three health IT variables: EMR, CPOE, and SPD systems 

represent major health IT applications that are used by clinicians not only to access, store, and 

manage patient information electronically, but also to electronically create orders (such as lab 

tests, medications, etc.) and structured documentation of patient health data on electronic health 

records. EMR represents the percentage of the hospital’s current medical record that is electronic 

(including digital and/or scanned data), and is measured as a quartile range. CPOE measures the 

percentage of all medical orders that are entered by physicians using CPOE systems. SPD 

represents the percentage of physician documentation that is captured from structured template 

documentation solutions. 

 The three types of applications are measured using quartile ranges, defined as 1–25%, 

26–50%, 51–75%, and 76–100%. For the purpose of usage in econometric models, I replaced 

these ranges with their corresponding mid-range values, i.e., 12.5%, 37.5%, 62.5%, and 87.5%, 

respectively. Hospitals with missing data on all three health IT components were removed from 

the dataset, and if one or two of these variables had missing values, then those were replaced 

with zero. The construction of the variable HealthIT is drawn from Ittner et al. (2002), who 

converted range variables into point estimates in a similar manner. 
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 The control variables are described as follows. Academic is a binary variable, taking a 

value of one for academic/teaching hospitals, and zero for non-academic hospitals. NonProfit is a 

binary variable, taking a value of one for hospitals, whose owners are either voluntary or non-

profit organizations (church/ private nonprofit/ other nonprofit), and zero otherwise. Private is a 

binary variable, with a value of one for hospitals with proprietary ownership, and zero otherwise. 

The baseline variable against which the coefficient estimates of NonProfit and Private are 

estimated and interpreted is Government which comprises of government-owned (federal/ 

hospital district/ authority/ local) hospitals. 

 CaseMixIndex represents the diversity, clinical complexity, and resource requirements of 

patients in the hospital. In other words, it measures the average (DRG) relative weight for that 

hospital, and is calculated by summing the DRG weights for all Medicare discharges and 

dividing by the number of discharges. Hence, CaseMixIndex captures the weighted severity mix 

of all Medicare patients based on their condition, and includes both transfer-adjusted and 

unadjusted cases. 

 Rural captures the hospital location and is measured as a binary variable, with a value of 

one for hospitals located in rural locations (zip codes), and zero for hospitals in large urban areas 

and other urban zip codes. Finally, I also capture the geographic region of a hospital using three 

variables, based on their geographic location in the US. These variables are Central, 

MountainPacific, and Atlantic. Central is a binary variable, taking a value of one for hospitals in 

the US Central region (north-east central, north-west central, south-east central and south-west 

central regions), and zero otherwise. MountainPacific is a binary variable, taking value a one for 

hospitals in the Pacific and Mountain regions, and zero otherwise. The baseline variable, 
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Atlantic, against which the estimates of Central and MountainPacific are estimated and 

interpreted, comprises hospitals in the New-England, Mid-Atlantic and South-Atlantic regions. 

2.6 Model Development 

To test the research hypotheses, I deploy two types of estimation models: 

 A pooled ordinary least squares (OLS) estimation on the balanced panel data for three 

years from 2011 to 2013. 

 Random effects estimation with time dummies (capturing year fixed effects) and hospital 

random effects on the panel data. 

 For now, I assume that the hospitals in the final dataset are randomly drawn from the 

population of hospitals in the Medicare IPPS program. 

 In multi-period panel data, if the population consists of a time-invariant, unobserved 

heterogeneity (fixed) effect that is correlated with the explanatory variables, then pooled OLS 

and random effect estimators provide regression estimates that are inconsistent. In this case, a 

fixed-effects model may be warranted. I test whether a random effects model is warranted using 

a Breusch-Pagan Lagrange multiplier (LM) test (Breusch and Pagan 1980, Bardhan et al. 2013). 

The LM test results are statistically significant (Prob < 0.001) for both quality measures, 

MortalityRate and ReadmissionRate, which indicates the existence of a significant panel effect in 

the data, and suggests that random effects estimation is warranted. I also include two time 

dummies in the random effects models to account for year fixed effects.  

The random effects models for the two measures of health quality are specified as: 
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𝑀𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦𝑅𝑎𝑡𝑒𝑖𝑡−1

=  𝛼0  + 𝛼1 𝐻𝑒𝑎𝑙𝑡ℎ𝐼𝑇𝑖𝑡−1  + 𝛼2 𝐴𝑐𝑎𝑑𝑒𝑚𝑖𝑐𝑖𝑡−1  +  𝛼3 𝑁𝑜𝑛𝑃𝑟𝑜𝑓𝑖𝑡𝑖𝑡−1   

+  𝛼4 𝑃𝑟𝑖𝑣𝑎𝑡𝑒𝑖𝑡−1  + 𝛼5 𝐶𝑎𝑠𝑒𝑀𝑖𝑥𝐼𝑛𝑑𝑒𝑥𝑖𝑡−1  + 𝛼6 𝑅𝑢𝑟𝑎𝑙𝑖𝑡−1  + 𝛼7 𝐶𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑡−1 (2.1) 

+  𝛼8 𝑀𝑜𝑢𝑛𝑡𝑎𝑖𝑛𝑃𝑎𝑐𝑖𝑓𝑖𝑐𝑖𝑡−1  +  𝑌𝑒𝑎𝑟2012 +  𝑌𝑒𝑎𝑟2013 +  𝜈𝑖 + 휀𝑖𝑡 

 

𝑅𝑒𝑎𝑑𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑅𝑎𝑡𝑒𝑖𝑡−1

=  𝛼0  + 𝛼1 𝐻𝑒𝑎𝑙𝑡ℎ𝐼𝑇𝑖𝑡−1  + 𝛼2 𝐴𝑐𝑎𝑑𝑒𝑚𝑖𝑐𝑖𝑡−1  +  𝛼3 𝑁𝑜𝑛𝑃𝑟𝑜𝑓𝑖𝑡𝑖𝑡−1   

+  𝛼4 𝑃𝑟𝑖𝑣𝑎𝑡𝑒𝑖𝑡−1  + 𝛼5 𝐶𝑎𝑠𝑒𝑀𝑖𝑥𝐼𝑛𝑑𝑒𝑥𝑖𝑡−1  + 𝛼6 𝑅𝑢𝑟𝑎𝑙𝑖𝑡−1  + 𝛼7 𝐶𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑡−1 (2.2) 

+  𝛼8 𝑀𝑜𝑢𝑛𝑡𝑎𝑖𝑛𝑃𝑎𝑐𝑖𝑓𝑖𝑐𝑖𝑡−1  +  𝑌𝑒𝑎𝑟2012 +  𝑌𝑒𝑎𝑟2013 +  𝜈𝑖 + 휀𝑖𝑡 

 

Next, the estimation models for average payments are as given in equations (2.3) and (2.4): 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑃𝑎𝑦𝑚𝑒𝑛𝑡𝑠𝑖𝑡

=  𝛽0  + 𝛽1 𝐻𝑒𝑎𝑙𝑡ℎ𝐼𝑇𝑖𝑡−1  + 𝛽2 𝐴𝑐𝑎𝑑𝑒𝑚𝑖𝑐𝑖𝑡−1  + 𝛽3 𝑁𝑜𝑛𝑃𝑟𝑜𝑓𝑖𝑡𝑖𝑡−1   

+  𝛽4 𝑃𝑟𝑖𝑣𝑎𝑡𝑒𝑖𝑡−1  + 𝛽5 𝐶𝑎𝑠𝑒𝑀𝑖𝑥𝐼𝑛𝑑𝑒𝑥𝑖𝑡−1  +  𝛽6 𝑅𝑢𝑟𝑎𝑙𝑖𝑡−1  +  𝛽7 𝐶𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑡−1 (2.3)

+  𝛽8 𝑀𝑜𝑢𝑛𝑡𝑎𝑖𝑛𝑃𝑎𝑐𝑖𝑓𝑖𝑐𝑖𝑡−1  +  𝑌𝑒𝑎𝑟2012 +  𝑌𝑒𝑎𝑟2013 +  𝜈𝑖 + 휀𝑖𝑡 

 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑃𝑎𝑦𝑚𝑒𝑛𝑡𝑠𝑖𝑡

=  𝛾0  + 𝛾1 𝐻𝑒𝑎𝑙𝑡ℎ𝐼𝑇𝑖𝑡−1 +  𝛾2 𝐻𝑒𝑎𝑙𝑡ℎ𝑐𝑎𝑟𝑒𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖𝑡−1  + 𝛾3 𝐴𝑐𝑎𝑑𝑒𝑚𝑖𝑐𝑖𝑡−1  

+ 𝛾4 𝑁𝑜𝑛𝑃𝑟𝑜𝑓𝑖𝑡𝑖𝑡−1 + 𝛾5 𝑃𝑟𝑖𝑣𝑎𝑡𝑒𝑖𝑡−1 +  𝛾6 𝐶𝑎𝑠𝑒𝑀𝑖𝑥𝐼𝑛𝑑𝑒𝑥𝑖𝑡−1  + 𝛾7 𝑅𝑢𝑟𝑎𝑙𝑖𝑡−1 (2.4) 

+  𝛾8 𝐶𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑡−1  +  𝛾9 𝑀𝑜𝑢𝑛𝑡𝑎𝑖𝑛𝑃𝑎𝑐𝑖𝑓𝑖𝑐𝑖𝑡−1  +  𝑌𝑒𝑎𝑟2012 +  𝑌𝑒𝑎𝑟2013 + 𝜈𝑖 +  휀𝑖𝑡 

 Note that the variable HealthcareQuality in (2.4) represents the mortality or readmission 

rate. Equation (2.1) tests the association between health IT usage and the hospital mortality rate, 

while equation (2.2) tests the association between health IT and the readmission rate. Equation 

(2.3) tests the direct association between health IT usage and average Medicare payments, while 

equation (2.4) represents the complete model and tests the association between health IT, 

healthcare quality, and average Medicare payments. Figure 2.1 shows the conceptual research 

framework, while Figure 2.2 represents the research model depicting the research hypotheses. 
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AveragePaymentsit is the dependent variable of interest, for hospital i in year t. HealthITit–1 is the 

explanatory variable that measures the level of health IT usage in hospital i in year t–1. 

MortalityRateit–1 and ReadmissionRateit–1 represent the mortality and readmission rates, 

respectively, of hospital i in year t–1. The remaining control variables are operationalized in the 

same manner as described in the previous section. 

 

 

 

 

 

 

Figure 2.1. Conceptual Research Framework 

 

 

 

 

 

 

 

 

Figure 2.2. Research Model 

2.7 Descriptive Statistics 

Tables 2.1 provides descriptive statistics on the model variables. Panel A (of Table 2.1) indicates 

that the average Medicare payment for a CHF stay was $10,099 for the hospitals in the final 
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sample, across the three-year study period. Observe that the average mortality and readmission 

rates of CHF patients are equal to 11.3% and 24.89%, respectively. On average, the health IT 

usage score for the hospitals in the sample is 32.86%, i.e., one out of three applications that 

comprise the health IT index are used. There happens to be a significant dispersion in the range 

of these variables. Also, about 7.3% of the hospitals in the sample are academic hospitals 

(teaching status), 66.15% are non-profit hospitals, while 18.4% are privately owned hospitals. 

Finally, 26.79% of the hospitals in the sample are located in a rural region.  

Table 2.1. Descriptive Statistics of Model Variables (Number of Hospitals = 1620) 
Panel A 

Variable Mean    Std. deviation          Minimum  Maximum 

AveragePayments ($) 10,099.09    2386.70          6966.33  34,206.18 

MortalityRate (%)   11.30        1.62            6.80  17.5 

ReadmissionRate (%)      24.89          2.18            18.00  32.6 

HealthIT (%)  32.36     23.79           4.17  87.5 

CaseMixIndex   1.46      0.25           0.84  2.42 

Panel B 

 0   1      0         1 0 1 

  Academic       NonProfit  Private 

No. of obs.  1503    117       572         1048 1322 298 

Percentage of total obs. 92.78   7.22      35.31         64.69 81.6 18.4 

            Rural                  Central                          MountainPacific 

No. of obs.  1157   463    843        777 1536 84 

Percentage of total obs. 71.42 28.58   52.04     47.96 94.81 5.19 

 

2.8 Results 

I now present the regression results for the models specified in equations (2.1)–(2.4). 

2.8.1 Mortality Rate 

First, I present the estimation results for the relationship between the health IT usage, mortality 

rate, and average payments, as shown in equations (2.1), (2.3) and (2.4), in Table 2.2. Panel A 
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provides the pooled OLS estimation, while Panel B presents the estimation results for the 

random effects model with year (time) dummies. For the purpose of discussion, I will primarily 

focus on the random effects estimation in Panel B and provide inferences based on these 

results.15  

 The results above indicate that hospital characteristics are significantly associated with 

the mortality rate. Specifically, rural hospitals are likely to exhibit a higher mortality rate 

compared to urban hospitals (coeff. = 0.55; p < 0.001), and hospitals in the MountainPacific 

region are  also  likely  to  exhibit  higher  mortality  rates  compared  to  hospitals  in  the  

Atlantic  region  (coeff. = 1.16; p < 0.001).  While the pooled OLS suggests that Academic 

(teaching) and Non-profit hospitals exhibit lower mortality rates compared to their counterparts 

(i.e., non-teaching and for-profit hospitals), their coefficients are not significant in the random 

effects estimation models. 

 The second column in each panel represents the direct association between HealthIT and 

AveragePayments, while the third column also includes the effect of the quality measure, 

MortalityRate. Observe that academic hospitals are likely to receive higher Medicare payments 

compared to non-academic hospitals, to the tune of $3,107 per Medicare CHF patient discharged. 

Similarly, observe that hospitals that treat more severe patient populations, as measured by the 

CaseMixIndex are likely to receive higher payments of the order of $1,636 more (than hospitals 

                                                           
15 The coefficients of the random effects estimation are based on heteroscedasticity consistent 

errors and are calculated using the heteroscedasticity-corrected covariance matrix 

(approximated by 
1

𝑛
 ∑

𝜀𝑖

(1−ℎ𝑖)2
𝑀
𝑖=0 𝑥𝑖𝑥𝑖

′) based on the discussion in Davidson and Mackinnon 

(1993). We also calculated the heteroscedasticity consistent errors, using Arellano (1987) 

version of the White (1980) heteroscedasticity-corrected covariance matrix. The errors for the 

coefficients for the pooled OLS model are also heteroscedasticity consistent errors, and are 

calculated using asymptotic covariance matrix. 
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with a lower CaseMixIndex). Also, note that HealthIT is not significantly associated with 

AveragePayments, which suggests that the hospitals with higher levels of health IT spending are 

not reimbursed at a higher rate, compared to hospitals that are low users of health IT.  

Table 2.2. Regression Estimation Results (Mortality Rate) 
 Panel A: Pooled OLS Panel B: Random Effects 

 
Mortality rate 

Avg.      

payments 

Avg. 

payments 

Mortality 

rate 

Avg. 

payments 

Avg. 

payments 

Intercept 
11.420*** 8089.450*** 9729.640*** 11.210*** 7690.080*** 8500.880*** 

(0.330) (488.910) (633.380) (0.510) (617.000) (711.800) 

HealthIT 
–0.002 8.310** 7.960*** –0.004 2.900 2.730 

(0.002) (3.230) (3.190) (0.002) (2.580) (2.580) 

MortalityRate   
–143.680*** 

(31.790) 
  

–71.210*** 

(26.050) 

Academic 
–0.590*** 3791.530*** 3706.450*** –0.250 3107.280*** 3125.610*** 

(0.188) (308.940) (306.610) (0.320) (571.400) (553.900) 

NonProfit 
–0.220** 29.110 –2.740 –0.250 27.950 10.280 

(0.110) (184.350) (185.210) (0.180) (206.900) (207.900) 

Private 
–0.370** –78.180 –131.210 –0.270 –202.850 –220.040 

(0.130) (173.020) (173.840) (0.220) (231.500) (231.200) 

CaseMixIndex 
–0.040 1274.390*** 1268.050*** –0.040 1636.990*** 1620.690*** 

(0.200) (294.070) (294.280) (0.330) (390.400) (386.900) 

Rural 
0.520*** –191.100* –116.400 0.550*** –238.990 –197.630 

(0.100) (115.560) (114.990) (0.190) (177.800) (173.200) 

Central 
0.160* –713.580*** –690.420*** 0.170 –735.850*** –722.740*** 

(0.080) (106.270) (104.680) (0.170) (189.600) (184.200) 

MountainPacific 
1.140*** 39.870 204.150 1.160*** –15.590 70.130 

(0.170) (201.210) (196.750) (0.410) (374.800) (359.600) 

Year2012    
0.120*** 

(0.040) 

76.5100* 

45.960) 

85.160* 

(45.930) 

Year2013    
0.470*** 

(0.050) 

361.980*** 

(55.670) 

395.590*** 

(56.300) 

F-statistic 15.81 87.3 80.83    

Pr > F <0.0001 <0.0001 <0.0001    

Wald ChiSq    28.89 130.07 161.89 

Pr > ChiSq    0.0003 <0.0001 <0.0001 

R-square 0.0728 0.3024 0.3112 0.0793 0.1554 0.1625 

Adj. R-square 0.0682 0.2989 0.3074    

Number of 

observations 
1620 1620 1620 1620 1620 1620 

Significance level: *(10%), **(5%), ***(1%); standard errors in parentheses 
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 The estimates, as shown in the third column of Panel B (Table 2.2), indicate that hospitals 

with higher mortality rates are more likely to be penalized in the form of lower Medicare 

payments. Specifically, a 1% increase in the patient mortality rate is associated with a decrease 

in average Medicare payment by $71.21 per case (p < 0.001). This result suggests that 

achievement of better healthcare quality, as measured by lower mortality rate, is associated with 

higher Medicare reimbursements. The coefficient estimates for hospital characteristics are 

consistent with the earlier results. 

2.8.2 Readmission Rate 

Table 2.3 presents the coefficient estimates with ReadmissionRate as the quality metric, for the 

estimation models specified in equations (2.2)–(2.4). Panels A and B provide the estimation 

results for the pooled OLS and random effects models with time dummies, respectively. The 

results in the first column (in Panel B) indicate that academic hospitals are likely to exhibit a 

1.29% higher readmission rate for CHF patients, compared to non-academic hospitals. This 

result may be attributed to the possibility that academic hospitals are more likely to handle 

complex and more severe patients, who are prone to be readmitted more frequently (Bardhan et 

al. 2015). The results in column (3) indicates that academic hospitals are also likely to receive 

higher average payments, to the order of $3,196 more than non-academic hospitals, for every 

CHF patient. These higher payments may be attributed partly to the greater complexity of cases 

that are handled by academic hospitals, as well as the skilled resources that are typically 

deployed to handle severe CHF cases in such hospitals. 
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Table 2.3. Regression Estimation Results (Readmission Rate) 
 Panel A: Pooled OLS Panel B: Random Effects 

 Readmission 

rate 

Avg.   

payments 
Avg. payments 

Readmission 

rate 

Avg. 

payments 

Avg. 

payments 

Intercept 
29.470*** 8089.450*** 712.560 28.300*** 7690.080*** 6099.980*** 

(0.400) (488.910) (890.260) (0.770) (617.000) (1020.200) 

HealthIT 
–0.002 8.310** 8.760*** –0.004 2.900 3.670 

(0.002) (3.230) (3.070) (0.003) (2.580) (2.630) 

Readmission_rate   
250.350*** 

(29.430) 
  

57.490**  

(23.660) 

Academic 
1.830*** 3791.530*** 3333.850*** 1.290*** 3107.280*** 3196.650*** 

(0.230) (308.940) (302.150) (0.430) (571.400) (507.800) 

NonProfit 
0.390*** 29.110 –67.420 0.100 27.950 14.180 

(0.140) (184.350) (180.910) (0.250) (206.900) (204.700) 

Private 
0.700*** –78.180 –253.530 0.480 –202.850 –226.230 

(0.170) (173.020) (175.460) (0.320) (231.500) (223.800) 

CaseMixIndex 
–3.270*** 1274.390*** 2093.140*** 

–2.250*** 
1636.990*** 1721.650*** 

(0.250) (294.070) (288.210) (0.480) (390.400) (391.200) 

Rural 
–0.630*** –191.100* –34.050 –0.560* –238.990 –196.590 

(0.120) (115.560) (111.230) (0.300) (177.800) (166.700) 

Central 
0.017 –713.580*** –717.740*** –0.040 –735.850*** –729.370*** 

(0.100) (106.270) (102.950) (0.300) (189.600) (168.900) 

MountainPacific 
–1.670*** 39.870 458.750** –1.840** –15.590 100.280 

(0.220) (201.210) (182.060) (0.720) (374.800) (338.000) 

Year2012 
   0.110** 76.510* 69.910 

   (0.500) (45.960) (47.930) 

Year2013 
   0.050 361.980*** 356.870*** 

   (0.060) (55.670) (356.870) 

F-statistic 38.370 87.300 94.810    

Pr > F <0.0001 <0.0001 <0.0001    

Wald ChiSq    45.580 130.070 168.510 

Pr > ChiSq    <0.0001 <0.0001 <0.0001 

R-square 0.1601 0.3024 0.3464 0.0291 0.1554 0.1786 

Adj. R-square 0.1559 0.2989 0.3428    

Number of 

observations 
1620 1620 1620 1620 1620 1620 

Significance level: *(10%), **(5%), ***(1%); standard errors in parentheses 

 

 The results also indicate that a higher CaseMixIndex is associated an increase of $1,721 

in average Medicare payments, on account of the care requirements necessary to treat a more 
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severe patient mix. With CaseMixIndex, I have controlled for the possible time-variant 

heterogeneity across hospitals. This heterogeneity can occur as a result of significant statistical 

dissimilarities between the patients admitted in different hospitals, in terms of their severity and 

other medical risk levels. The results also indicate that hospitals in the MountainPacific region 

are likely to exhibit a 1.84% lower readmission rate compared to hospitals in the Atlantic region, 

while hospitals in the Central region are likely to receive $729 in lower Medicare 

reimbursements per case.  

 The estimation results in Table 2.3 also indicate that the readmission rate is positively 

associated with average Medicare payments (coeff. = 57.49; p < 0.05) and that a 1% increase in 

the readmission rate is associated with a corresponding $57.59 increase in average Medicare 

payments per CHF case (lower than the pooled OLS estimate which is also significant). These 

results indicate that hospitals are likely to receive higher reimbursements even if their 

readmission rates are greater (than their peers). Overall, the results imply that average Medicare 

payments are likely to be higher for hospitals with lower mortality rates and higher readmission 

rates. Hence, the results support hypotheses H1a and H1b. We can also observe that while the 

coefficients of HealthIT are significant in the OLS estimations, they are positive but not 

statistically significant in the random effects models. Hence, they do not support hypothesis H2 

with respect to the relationship between HealthIT and MedicarePayments. I will revisit this issue 

again in a later section. At this time, though, I have no evidence to suggest that hospitals with 

greater levels of health IT are more likely to obtain higher Medicare reimbursements compared 

to hospitals that exhibit lower levels of health IT usage. 
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2.8.3 Mediation Effects 

Next, I explore whether the effects of health IT usage on Medicare payments are mediated 

through the hospital quality measures, MortalityRate and ReadmissionRate. Based on the earlier 

results, it is possible that the ‘effectiveness’ pathway may dominate the ‘efficiency’ pathway 

with respect to the association between health IT and Medicare payments. In other words, 

HealthIT may be associated with significant changes in hospital outcomes, as measured by a 

drop in mortality and readmission rates. These health quality outcomes may, in turn, be 

significantly associated with greater reimbursements, as measured by higher Medicare payments. 

In other words, I explore whether the effect of health IT usage on average payments may be 

mediated through health quality outcome measures. 

 I use the Sobel test (Sobel 1982) to check whether the indirect effects of health IT usage 

on average Medicare payments is significantly different from zero. I calculate the mediation 

effects using the Sobel statistic, which has been extensively used in econometrics to test for such 

effects. I also report two other statistics, the Aroian (1947) and Goodman (1960) statistics, which 

provide alternative measures of the statistical significance of mediation effects.  

Sobel Statistic =  
𝛼1 × 𝛾2

√𝛼1
2 × (𝑠. 𝑒. (𝛼1))2 + 𝛾2

2 × (𝑠. 𝑒. (𝛾2))2
 

Aroin Statistic =  
𝛼1 ×  𝛾2

√𝛼1
2 × (𝑠. 𝑒. (𝛼1))2 + 𝛾2

2 × (𝑠. 𝑒. (𝛾2))2 + (𝑠. 𝑒. (𝛼1))2 × (𝑠. 𝑒. (𝛾2))2
 

Goodman Statistic =  
𝛼1 ×  𝛾2

√𝛼1
2 × (𝑠. 𝑒. (𝛼1))2 + 𝛾2

2 × (𝑠. 𝑒. (𝛾2))2 − (𝑠. 𝑒. (𝛼1))2 × (𝑠. 𝑒. (𝛾2))2
 

Here, the magnitude of the mediation effect can be expressed as: Mediation Effect = 𝛼1 ×  𝛾2 . 

The p-values for the aforementioned tests are drawn from a unit normal distribution, under the 

assumption of a two-tailed z-test, with a null hypothesis that the mediation effect is equal to zero. 
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My calculation of mediation effects is similar to those reported in MacKinnon and Dwyer 

(1993), and MacKinnon et al. (1995): α1 and s.e.(α1) represent the coefficient estimate and the 

corresponding standard error of HealthIT in equation (1), γ2 and s.e.(γ2) represent the coefficient 

estimate and corresponding standard error of MortalityRate (ReadmissionRate) in equation (4). 

 Table 2.4 provides the estimates of the magnitude of the mediation effect with respect to 

the two paths of interest, namely HealthIT  MortalityRate  AveragePayments, and HealthIT 

 ReadmissionRate  AveragePayments. I present the estimated magnitudes of mediation 

effects, for the pooled OLS and random effects models, and provide the test statistics for the 

three tests described above. In general, the Sobel test statistics are consistent with the Aroian and 

Goodman test results in terms of their magnitudes and statistical significance.  

Table 2.4. Mediation Effect Results 
Quality 

Outcome 
Specification 

Sobel 

stat. 

Sobel 

p-val 

Aroian 

stat. 

Aroian 

p-val 

Goodman 

stat. 

Goodman 

p-val 

Mediation 

Effect 

MortalityRate 

 

Pooled OLS 
1.264 0.206 1.237 0.216 1.294 0.196 

0.345 
(0.274)  (0.280)  (0.268)  

Random 

Effects 

1.378 0.168 1.314 0.189 1.453 0.146 
0.263 

(0.192)  (0.201)  (0.182)  

ReadmissionRate 

Pooled OLS 
–0.752 

(0.596) 
0.452 

–0.747 

(0.600) 
0.455 

–0.758 

(0.592) 
0.449 –0.451 

Random 

Effects 

–1.260 

(0.200) 
0.208 

–1.188 

(0.212) 
0.235 

–1.346 

(0.188) 
0.178 –0.253 

Standard errors in parentheses 

  

 The results indicate that mediation effects are only weakly significant. For example, the 

estimated mediation impact for the HealthIT  MortalityRate  AveragePayments pathway is 

1.378 with a p-value of 0.168, which is significant at the 10% level (one-sided test). This result 

suggests a partial mediation effect with respect to MortalityRate, and implies that the association 

between health IT and average payments is partially mediated through their impact on the 
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mortality rate. On the other hand, the estimated mediation impact of the HealthIT  

ReadmissionRate  AveragePayments pathway is –1.26 with a p-value of 0.208. This result 

suggests that the mediation effect with respect to the readmission rate is not significant. Overall, 

the results above partially support the presence of a weak mediation effect of MortalityRate, but 

not of ReadmissionRate. These results imply that hospitals can justify health IT expenditures 

with respect to their quality outcomes, even if such investments do not have a direct impact on 

Medicare reimbursements. 

2.9 Fixed Effects Estimation 

It is possible that unobserved factors, such as episode-, patient- and clinician-specific 

characteristics, which are not captured in the research data, may influence both the dependent 

variable (MedicarePayments) and explanatory variables of interest (MortalityRate, 

ReadmissionRate, and HealthIT). To mitigate the possible endogeneity bias due to unobserved 

factors, I now deploy a fixed effects model with dummy variables for each hospital. Estimates of 

the fixed effects coefficients are provided in Tables 2.5 and 2.6.  

 In the final sample, there are a few hospitals whose status changed during the study 

period in this chapter. Specifically, the classification of a few hospitals (as academic, nonprofit, 

private or rural) changed during this time period. To take this into account, I dropped twenty-six 

such hospitals for which there were changes in the hospital characteristics variables, Academic, 

NonProfit, Private, or Rural. Note that the coefficient estimates of health IT are statistically 

significant in both fixed effects specifications. Thus, when I account for the time-invariant 

unobserved heterogeneity among hospitals, a greater level of health IT usage is indeed associated 

with higher levels of reimbursements. There is therefore enough evidence to suggest that use of 
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technology bears financial rewards through improvements in efficiency and a more accurate 

coding of procedures carried out in the clinical setting.  

Table 2.5. Fixed Effects Estimation Results (Mortality Rate) 
 Mortality rate Avg. payments Avg. payments 

Intercept 8.14*** 5098.21*** 4934.83*** 

HealthIT 0.005* 7.77*** 7.68*** 

MortalityRate   20.07 

Academic – – – 

NonProfit – – – 

Private – – – 

CaseMixIndex 1.98*** 3231.68*** 3191.95*** 

Rural – – – 

Central – – – 

MountainPacific – – – 

Wald ChiSq 16.86 63.03 62.86 

Pr > ChiSq 0.0002 <0.0001 <0.0001 

R–square 0.8217 0.9154 0.9154 

Number of 

observations 

1542 1542 1542 

Significance level: *(10%), **(5%), ***(1%). 

   

Table 2.6. Fixed Effects Estimation Results (Readmission Rate) 
 Readmission rate Avg. payments Avg. payments 

Intercept 27.61*** 5098.209*** 6362.21*** 

HealthIT –0.005 7.77*** 7.56*** 

ReadmissionRate   –45.77 

Academic – – – 

NonProfit – – – 

Private – – – 

CaseMixIndex –1.39*** 3231.68*** 3167.97*** 

Rural – – – 

Central – – – 

MountainPacific – – – 

Wald ChiSq 8.96 63.03 63.81 

Pr > ChiSq 0.0113 <0.0001 <0.0001 

R-square 0.873 0.9154 0.9156 

Number of 

observations 

1542 1542 1542 

Significance level: *(10%), **(5%), ***(1%). 
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  However, the coefficients of the quality measures, MortalityRate and ReadmissionRate, 

are now statistically insignificant—since the hospital dummies capture much of the variation in 

average Medicare payments (as observed by high R2 values), the coefficient estimates of these 

explanatory variables have become insignificant as very little variation in the dependent variable 

is now left to be explained. Since there is very little variation in the hospital mortality and 

readmission rates during the three-year period of this study (from one year to another for the 

same hospital), the hospital fixed effects capture much of the variation in average payments. 

Future research using a longer time period sample and patient-level data will allow me to 

develop more fine-grained estimates of the relationship between health IT, quality measures, and 

Medicare reimbursements. 

2.10 Robustness Checks 

Next, I perform a variety of robustness checks in order to test the sensitivity of the results above 

with respect to changes in the data, variable and model specifications.  First, I include both 

quality measures, the mortality rate and readmission rate, in equation (2.4), in order to test the 

simultaneous association between both quality measures and average Medicare payments. The 

new coefficient estimates are consistent with the results reported in Tables 2.3 and 2.4, and 

corroborate the main findings for hypotheses H1 and H2. Next, in order to explore whether 

HealthIT moderates the relationship between MortalityRate (ReadmissionRate) and 

AveragePayments, I include the interaction terms, HealthIT × MortalityRate and HealthIT × 

ReadmissionRate in equation (2.4). With mortality rate as the quality measure, the coefficient 

estimate of the interaction term HealthIT × MortalityRate is negative but not significant (p-value 

= 0.173) in the random effects model. The results are similar when I use readmission rate as the 
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quality measure. Hence, the results do not provide evidence of the moderating effect of health IT 

on the relationship between hospital quality and average Medicare payments. Next, I test the 

association between health IT and average Medicare payments, using two-year lagged 

explanatory variables (instead of a one-year lag), and observe that the new estimates are 

qualitatively consistent with the results reported earlier. The one-year and two-year lagged 

values of health IT use and health care quality mitigate possible simultaneity effects. Use of 

lagged values also addresses concerns that the potential effect of IT usage on Medicare 

payments, through the efficiency and effectiveness pathways, may have a gestation period of 

several months. 

 Next, I conceptualize an alternate measure of HealthIT calculated as the average usage of 

CPOE and SPD, i.e., I drop EMR usage from the measurement of HealthIT. While EMR systems 

are used to collect and process patient medical information, CPOE and SPD applications are 

used by clinicians to enter orders and patient documentation electronically, which reduces the 

likelihood of errors in data entry, thereby improving the accuracy of patient data and care 

delivery. Hence, dropping EMR from the measurement of HealthIT mitigates a potential concern 

that the association between health IT and average Medicare payments may be an artifact of the 

variable construction. The coefficient estimates of the random effects model, using this new 

HealthIT construct, indicate a weak association between Health IT and AveragePayments, and 

are consistent with the results in Tables 2.3 and 2.4. These results validate the findings with 

respect to H2. 

 In order to test the sensitivity of the results to the measurement of health IT, as captured 

in the HIMSS Analytics database, I develop another alternative measure of HealthIT using a new 
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data source provided by the American Hospital Association (AHA) annual survey, using 75 

hospitals in the state of Texas. I measure the extent to which CPOE applications are used by 

providers to directly enter orders that are transmitted electronically (Adler-Milstein and Jha 

2014). The alternative CPOE construct is calculated as the average of five binary variables, 

measured as computerized entry of laboratory tests, radiology tests, medications, consultation 

requests, and nursing orders, for each hospital in a balanced panel dataset. Each of these five 

variables takes a value of one when the respective IT application is fully implemented either 

across all units or in at least one unit, and zero otherwise. 

 The coefficients of MortalityRate and ReadmissionRate are qualitatively consistent with 

those from the original pooled OLS, random and fixed effect models. In equation (2.4), the 

coefficients of CPOE are positive and weakly significant (p < 0.2) in both hospital random 

effects specifications. Furthermore, CPOE is positive and statistically significant in fixed effects 

models. This analysis provides further empirical evidence and corroborates the findings with 

respect to H2. 

 Finally, I relax the constraint on having a balanced panel dataset with complete 

information on all variables; instead, I use an unbalanced panel dataset. The mediation effect of 

mortality rate on the association between health IT and average Medicare reimbursements was 

observed to be stronger in the pooled OLS and random effects models, with an unbalanced panel. 

Hence, the unbalanced panel data results support hypotheses H1 and H2, and are qualitatively 

consistent with the main results described in this chapter. I also use an alternative measure of 

Medicare payments by substituting AveragePayments with another variable (from Medicare 

IPPS) which measures the average amount that Medicare pays to the provider for its share of the 
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MS-DRG. The alternative measure of AveragePayments does not include beneficiary co-

payments and deductible amounts, nor any additional payments from third parties for 

coordination of benefits. I repeat the econometric analyses using pooled OLS and Random 

Effects estimation, and find results that are qualitatively similar to those already reported in this 

chapter. 

2.11 Conclusion 

One of the findings of this chapter is that hospitals with higher mortality rates are likely to 

receive lower average payments from Medicare and that hospitals with higher readmission rates 

are likely to receive higher average Medicare payments. These associations between healthcare 

quality and average Medicare payments are consistent with the realities of the changing payment 

landscape in the healthcare industry. At the time of the study, the FFS model was still quite 

common, which is why we observe a positive association between readmission rates and average 

reimbursements. At the same time, the financial incentives that were in place to lower mortality 

rates are reflected in the negative association between the mortality rate and reimbursements.  

More interestingly, I also find some support for the hypothesis that hospitals with greater 

levels of health IT usage are likely to receive higher average payments from Medicare. To the 

best of my knowledge, although prior studies have identified many benefits of health IT, they 

have not comprehensively studied the association with the actual reimbursements. The positive 

association observed in this study therefore provides additional support in favor of the efficiency 

argument for implementing health IT, as it suggests that hospitals with higher levels of health IT 

usage are actually likely to realize higher average Medicare payments. The effectiveness 

argument (the mediation effect), however, does not have a clear support, regardless of the 
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clinical outcome variable considered. The implication is quite clear. Even if technology does not 

bring about clear quality improvements, it may still be valuable to healthcare providers from a 

purely financial perspective. 

 To take a broader view, given the recent payment reform initiatives that were enacted as a 

part of the ACA to move toward value-based payments, it is important to understand the 

dynamics of how and to what extent health quality affects reimbursements received by hospitals, 

and how these dynamics will evolve in future. Going forward, health IT is expected to play an 

integral role in transforming the healthcare landscape in the US. Studies such as this one can 

therefore provide various insights to healthcare providers, payers, consumers, health IT vendors, 

and policy makers. To the best of my knowledge, the work in this chapter is among the first to 

explore these dynamics using health IT and Medicare data on actual payments to providers. The 

findings provide a starting point for additional research on the relationships between patient-level 

usage of health IT, their quality indicators, and reimbursements made on patient claims. Such 

patient-level studies are needed to develop richer insights on how health IT systems are used by 

providers to not only improve their quality of patient care but to also increase their level of 

reimbursements in a value-based care delivery setup. 

 This chapter is not without limitations. It focuses on the association between healthcare 

quality, health IT usage, and Medicare payments, so the findings may not be generalizable to 

reimbursements from private payers. The unit of analysis in the empirical examination is 

hospital, and thus lacks the granularity that visit-level or patient-level data can provide. Future 

studies are necessary to examine the association between health IT and healthcare quality with 

reimbursements at the patient or episode (visit) level. Another avenue for future research would 
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be to examine the mediation effects of health IT on the relation between patient health outcomes 

and reimbursements, using physician- and patient-specific characteristics, and such granular 

analysis may provide further insights into the lack of mediation effect observed in my hospital-

level analysis. 
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CHAPTER 3 
 

ARE ONLINE REVIEWS OF PHYSICIANS RELIABLE INDICATORS OF CLINICAL  

 

OUTCOMES? A FOCUS ON THE CASE OF CHRONIC DISEASES 

 

 

3.1 Introduction 

Online consumer reviews and forums play an important role in almost every market today, and 

the healthcare industry is no exception. Online reviews of physicians, in particular, have the 

potential to reduce information asymmetry between healthcare providers and patients, 

empowering patients to make better decisions. A pertinent question, then, is whether, and to what 

extent, patients benefit from online reviews of physicians. 

 Over the past two decades, the economics of consumer reviews have been extensively 

studied from various angles. One stream examines the supply side of these reviews and addresses 

a wide variety of questions relating to their production, such as word-of-mouth generation and 

social influence (Berger and Iyenger 2012, Dellarocas and Narayan 2006, Moe and Trusov 2011, 

Muchnik 2013), evolution of ratings and the number of reviews (Godes and Silva 2012), 

potential self-selection and other biases (Gao et al. 2015, Li and Hitt 2008), and fake reviews and 

intentional manipulation (Mayzlin et al. 2014). On the other hand, the demand side, that is, how 

such reviews are consumed in practice, has also received considerable attention; the general 

consensus now is that potential consumers read and rely on such reviews and the product ratings 

in many cases do correlate with the actual sales (Clemons et al. 2006, Chevalier and Mayzlin 

2006, Chen and Xie 2008, Chintagunta et al. 2010, Forman et al. 2008, Gu et al. 2012, Sun 

2012). More recently, however, researchers have taken up the issue of perceived and actual 

usefulness of online reviews, addressing questions such as what makes them appealing to 
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potential consumers (Mudambi and Schuff 2010) or whether they are indeed useful in predicting 

the true quality (Lu and Rui 2017). This chapter belongs to this third and final stream, and much 

as Lu and Rui do, focuses on the ability of online physician reviews to predict the care quality. 

However, this work deals with the context of chronic care, a context that is not only relatively 

underexplored but also uniquely significant from both theoretical and practical perspectives 

(Saifee et al. 2017).  

3.1.1 Theoretical Background 

Researchers have long recognized the trichotomy of search, experience, and credence qualities of 

products and services (Nelson 1970, Darby and Karni 1973). When a good or service exhibits 

more qualities of one kind and less of the other two, it is named likewise. Accordingly, search 

goods are those that exhibit more search qualities, that is, aspects that consumers can gauge 

ahead of their purchase. In contrast, experience goods involve mostly experience aspects that are 

revealed to consumers only after the purchase. At the end of this spectrum are credence goods, 

whose quality cannot be ascertained even after the purchase and direct personal experience with 

the product (Darby and Karni 1973). 

 The trichotomy above is not only significant from a conceptual standpoint but it also has 

material implications for both the real and perceived efficacy of online reviews. For example, 

using a dataset from Amazon, Mudambi and Schuff (2010) have demonstrated that online 

consumer reviews of experience goods are considered less helpful by potential consumers vis-à-

vis their counterparts for search goods, corroborating the notion that firsthand information 

gathering—as opposed to vicarious learning from reviews—ought to play a more significant role 

in the case of experience goods. In light of this, the concern about the usefulness of reviews gets 
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only amplified when we consider credence goods. In particular, given the elusive nature of their 

quality, several questions naturally arise: How likely is it that prior research that generally finds 

online reviews to be effective (e.g., Chevalier and Mayzlin 2006, Chintagunta et al. 2010, Chen 

and Xie 2008, Gu et al. 2012, Mudambi and Schuff 2010, Zhu and Zhang 2010) extends also to 

credence goods? Moreover, since consumers find it hard to assess such a good even after 

consumption, is it not only natural to surmise that any consumer feedback in this case would be 

of even less use when compared to search or experience goods? A major point of this work, in 

fact, is to rigorously examine these questions through empirical means, in order to better 

understand the role of online reviews in the relatively underexplored context of credence goods. 

 Although all healthcare services have some credence elements, it is not true that they all 

have them to the same degree. In fact, many healthcare services do exhibit a significant 

experience component. For example, consider the context of surgeries discussed in recent 

literature (Lu and Rui 2017, Segal et al. 2012). Here, at the minimum, the outcome of the surgery 

is observable. As pointed out by Lu and Rui (2017, p.4), “family members can observe at least 

whether their beloved survived after the surgery in the hospital or not” and they can therefore 

“infer how well the surgery was performed and how good the surgeon is, although their 

influences may not be completely accurate.” In short, the care quality is observable after the 

fact—partly, if not fully—which simply means that surgeries do have a significant experience 

component.  

 Now, contrast with this with the case of a chronic condition such as the COPD (Chronic 

Obstructive Pulmonary Disease) that I consider in this work. First, unlike surgeries or acute care 

conditions, chronic conditions are often slow to develop and they usually go untreated for a 
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substantial period of time. Second, they are typically not curable, they involve multiple 

comorbidities, and thus they need continuing care and extensive management throughout the 

remainder of a patient’s life (Clarke et al. 2017). This also means that their treatments are not 

episode-based, and evaluating the care quality is not as easy as evaluating an episode with very 

well-defined outcomes. Finally, a number of social, behavioral, psychological, and economical 

factors play a huge role in the long-term management of a chronic disease—the appreciation of 

the patient’s condition in the patient’s family and the ensuing support from the family being a 

prime example—making it nearly impossible to isolate and decipher the physician’s performance 

from these confounding factors. A recent empirical study on patient literacy aptly recognizes this 

patient-provider gap and laments, “Compared with the general population, people with long-term 

conditions report more difficulties in understanding health information and engaging healthcare 

providers” (Friis 2015, p.1). All in all, it is quite evident that chronic care is significantly more 

credence in nature than other healthcare services such as surgeries, and for that matter, more than 

many other goods such as hotels, books, or movies that have been studied in prior literature. This 

is precisely why chronic care also provides us a rather intriguing backdrop for scrutinizing the 

efficacy of online reviews in the context of credence goods. 

3.1.2 Practical Relevance 

Ascertaining the usefulness of online physician reviews is important also because of their 

increasing popularity among healthcare consumers (Ellimoottil et al. 2013, Emmert 2013). There 

is ample evidence in the literature that online reviews have already begun to play a substantial 

role in patients’ decisions about which physicians to see and which ones to avoid. According to a 
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recent study (Hanauer et al. 2014), approximately sixty percent of patients now consider online 

reviews to be an important factor in their selection of physicians.  

 The same phenomenon is also observed more and more by the popular press. For 

example, a survey of healthcare consumers has found that over eighty percent of its respondents 

utilized review websites, often viewing or posting comments about the clinical staff they 

interacted with.16  Further, over seventy percent used online reviews as a first step when 

selecting a healthcare provider, and over forty percent reported willingness to see out-of-network 

physicians if those physicians had better reviews than their in-network counterparts. In another 

survey (Burkle and Keegan 2015), twenty-eight percent strongly agreed that a positive online 

review of a physician would cause them to seek care from that physician, while another twenty-

seven percent indicated that a negative review would cause them to avoid that physician 

altogether. 

 Not surprisingly, many physicians have begun monitoring these online reviews and 

ratings closely, while also looking for ways to boost their ratings on review sites such as Yelp, 

Vitals, and RateMDs.17  Some providers have even gone to the extent of using online feedback to 

better understand their patients’ concerns (Emmert et al. 2016, Jain 2010). Notwithstanding their 

broad acceptance, there seems to be an increasing wariness among the providers about the 

veracity of these online reviews. In particular, there have even been instances in which 

                                                           
16 Accessed on 5/25/2018 from http://www.softwareadvice.com/resources/how-patients-use-

online-reviews/ 
17 Accessed on 5/25/2018 fromhttps://www.washingtonpost.com/news/to-your-

health/wp/2016/05/27/docs-fire-back-at-bad-yelp-reviews-and-reveal-patients-information-

online 
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physicians have filed defamation lawsuits over negative patient reviews.18,19 Overall, the 

increasing use of online reviews among patients to rate and select physicians as well as other 

healthcare providers has prompted providers to take these reviews rather seriously. 

 Despite this growing relevance of online reviews in healthcare, it is not entirely clear 

whether these reviews are truly indicative of the quality of patient care. Prior studies in the 

healthcare domain typically use offline patient surveys or employ hospital-level datasets to 

measure the quality of care (see Doyle et. al. 2013). This, however, is not sufficient in my 

context—patient perceptions cannot be assumed to reflect the actual care quality, and hospital-

level surveys do not necessarily provide a good approximation of a physician’s performance. In 

the end, I came across little evidence that online reviews of physicians indeed contain 

informative signals about a physician’s abilities as commonly believed by healthcare consumers. 

Among the few to address this gap in the information systems literature, Lu and Rui (2017) find 

that patients operated by cardiac surgeons with lower ratings tend to experience a higher 

likelihood of mortality vis-à-vis physicians with higher or no ratings. However, as explained 

earlier, the case of cardiac surgery is quite a bit different from that of chronic care. As a result, it 

is still hard to draw inferences about the generalizability of their findings to the case of chronic 

care where credence qualities dominate. 

 Finally, chronic care itself is a huge portion of the overall healthcare market. It is 

estimated that, by 2020, almost a half of the American population, about 157 million people, 

would be in need of chronic disease care (Clarke et al. 2017). The Affordable Care Act, in fact, 

                                                           
18 Accessed on 5/25/2018 from  

http://www.oregonlive.com/today/index.ssf/2015/11/doctor_sues_patient_over_negat.html                                                                                                                                 
19 Accessed on 5/25/2018 from http://blog.ericgoldman.org/archives/2015/01/another-failed-

doctor-lawsuit-against-a-patient-for-online-reviews-brandner-v-molonguet.htm 



 

50 

recognizes this alarming growth in the chronic disease population and also provides incentives to 

encourage better chronic disease management. Given this reality, it is only imperative that we 

take a closer look at this subsector of the healthcare market and critically ponder whether or not 

social media and online forums can bring about some positive changes to this market.  

3.1.3 Research Overview 

I employ two unique datasets, one capturing online reviews and ratings of physicians and another 

containing actual clinical outcomes experienced by their patients. Specifically, I first obtained a 

multi-hospital, inpatient admission-discharge dataset of patients suffering from COPD. This 

dataset spans a ten-year period, from 2006 to 2015, and includes patient admissions across eighty 

major hospitals in North Texas. It enables me to objectively measure physician performance 

using clinical outcomes, such as the future readmission and ER visit rate.20  Aggregating these 

measures to the physician level, I am able to quantify the overall quality of care provided by each 

physician. Second, I scraped online reviews from an infomediary, Vitals.com, which provides 

patient reviews on approximately 15,000 physicians operating in the Dallas-Fort Worth area. I 

then employed sentiment mining to score the overall sentiment expressed in the text of a review 

and used topic-modeling to capture the latent topics underlying the short monologue in each 

review. Finally, I combined these two datasets (using physician name and other matching 

attributes) to examine whether sentiments expressed in online reviews of physicians and their 

accompanying star ratings are reliable indictors of their patients’ likely clinical outcomes. In 

                                                           
20 Using clinical outcomes to measure the quality of care is indeed important in healthcare. Angst 

et al. (2011) and Kc and Terwiesch (2009) have considered the length of stay as a proxy for 

quality, while Bardhan et al. (2015), Kc and Terwiesch (2009), and Senot et al. (2016) have used 

readmission rates. 
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other words, if a physician receives very positive (negative) online reviews, does that necessarily 

mean that her patients also exhibit good (bad) clinical outcomes? 

 My results suggest that patients under the care of physicians with better online reviews 

may not necessarily experience better clinical outcomes, compared to patients receiving care 

from physicians with worse review ratings. This finding is in stark contrast to recent research 

that generally finds reviews to be useful. The implications are clear: Despite their popularity, 

online reviews of physicians, in their current form, may not be uniformly informative to 

prospective patients. The outcome of a surgery is somewhat understandable and, as a result, the 

reviews of a surgeon may contain useful signals of her true surgical abilities. However, the same 

is not necessarily true for treatments received by patients suffering from a chronic condition—

the prolonged, non-episodic nature of the treatment involving multiple visits, as well as 

numerous confounding factors that influence the long-term management, can easily obfuscate the 

true clinical performance of the physician, making such services mostly credence and their 

reviews surprisingly disconnected from any objective measure of care quality, with serious 

implications for patients, providers, and policymakers. 

3.2 Literature Review 

The work in this chapter is related to several key streams of literature. The first stream examines 

offline survey data collected by hospitals and clinics for gauging patient experience. The second 

stream primarily concerns online content generated by healthcare consumers. The third stream is 

the broader literature on online ratings and reviews in contexts other than healthcare. The fourth 

and final stream of interest is the economics literature on credence goods. 
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3.2.1 Offline Patient Perception 

Several studies in the healthcare domain have examined the relationship between patient 

experience and clinical outcomes, such as the mortality rate, 30-day readmission rate, clinical 

safety, and effectiveness of procedures. For example, Glickman et al. (2010) investigate whether 

patient satisfaction is related to adherence to practice guidelines and clinical outcomes, for acute 

myocardial infarctions. They find that greater adherence to guidelines lowers inpatient mortality 

rates and subsequently leads to higher levels of patient satisfaction. Likewise, Boulding et al. 

(2011) find that higher overall patient satisfaction is associated with a lower 30-day risk-

standardized readmission rate. There are several other studies as well, many of them summarized 

in the literature survey by Doyle et al. (2013). As apparent from this survey, in general, patient 

perception is positively associated with patient safety and clinical effectiveness, adherence to 

clinical guidelines, as well as many objectively measured clinical outcomes such as the repeat 

visit rate or reduction of symptoms. 

 This chapter differs from this stream in terms of both the study design as well as findings. 

These studies typically rely on offline surveys to solicit patient opinion or perception, while I use 

patients’ online reviews of physicians. The use of online reviews enables me to study the 

freeform textual feedback through sentiment-mining and topic-modeling techniques. Also, many 

of these prior studies use hospital-level data to construct their clinical outcome variables, 

whereas I draw upon a multi-year patient-admission level dataset that tracks admissions and 

discharges of each patient across multiple hospitals. Not only my work thus employs more 

granular data, but it also leverages a much richer empirical model, and in so doing, finds a 
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contrasting result that online reviews may not necessarily provide accurate signals about a 

physician’s performance. 

3.2.2 Online Content Generated by Healthcare Consumers 

This work also belongs to the growing body of literature on health IT, particularly the branch on 

user-generated content in healthcare. Agarwal et al. (2010) provide a comprehensive review of 

the early health IT literature, noting the richness of research opportunities at the intersection of 

the internet and healthcare and highlighting the need for a closer examination of the quality of 

online health information and its impact on healthcare consumers. 

 Recent research in information systems aims to address this very need. For example, Gao 

et al. (2012) examine online ratings of physicians and report a positive, albeit small, association 

between online ratings and physician quality as measured by physician experience, board 

certification, education, and malpractice claims. I take cues from this research and control for 

such physician attributes. In fact, I too observe similar relationships; for example, I too find that 

physicians with more experience in general deliver better clinical outcomes. However, my main 

focus is still on actual clinical outcomes—particularly the ability of online reviews to predict 

these outcomes—and controlling for physician attributes simply helps me delineate whether 

online reviews can indeed provide informative signals above and beyond those already provided 

by physician attributes. 

 In another related work, Gao et al. (2015) examine how perceived physician quality 

affects the likelihood of a physician being rated online, and conditional on getting rated, how 

perceived quality is reflected in online ratings. The authors construct their perceived quality 

measure from offline patient surveys conducted by Consumers’ Checkbook, based on the 
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instrument and procedure designed by AHRQ (Agency for Healthcare Research and Quality). 

They find that physicians who are rated lower in offline surveys are less likely to be rated online, 

suggesting that online ratings are not unduly negative. A key distinction between this paper and 

my work is that I do not consider the production or supply-side of reviews, nor do I ask whether 

the production process has certain biases that cause offline patient perception to not carry over to 

online forums. Instead of pondering on the antecedents of the reviews, I focus on their reliability, 

particularly as it relates to their ability to predict actual clinical outcomes such as the 

readmissions rate or the ER visit rate. 

 Naturally, the series of papers closest to the work in this chapter is the one that examines 

the association between online ratings and actual clinical outcomes. Unfortunately, however, 

there is no clear consensus in this stream. On one hand, Gray et al. (2015) find no evidence of 

any association between physician website ratings and clinical outcomes such as blood pressure 

or low-density lipoprotein controlled. On the other, Lu and Rui (2017), who examine the validity 

of online (star) ratings of cardiac surgeons in the context of coronary artery bypass graft (CABG) 

surgeries, find that patients operated by cardiac surgeons with a lower rating do exhibit a higher 

likelihood of mortality vis-à-vis those with a higher rating or no rating. Likewise, Bardach et al. 

(2012) also find a favorable association between patient ratings on Yelp and clinical outcomes 

such as the readmission or mortality rate.  

 Given such conflicting findings in prior literature, it is only imperative that I once again 

take up the task of thoroughly investigating whether online reviews indeed provide a signal for 

the physician’s clinical performance. To examine this rigorously, I take the following steps. 

First, unlike some of these studies (e.g., Bardach et al. 2012), I focus on individual physicians as 



 

55 

opposed to hospitals, and I limit my analysis to only one condition, namely COPD, to eliminate 

confounding factors that may vary from one condition to another. At the same time, recognizing 

that chronic care is non-episodic and may be very prolonged, unlike prior studies, I do not limit 

myself to the confines of a single hospital; instead, I track the journey of each patient across 

multiple hospitals in order develop very accurate estimates of the readmission rate and other 

clinical outcome variables. Second, in contrast to simpler models used in some studies (e.g., 

Gray et al. 2015), I employ a two-way fixed effects panel model to account for any time-

invariant heterogeneity across physicians as well as time shocks. I also employ forward-looking 

outcome measures to see whether reviews and ratings at a given point in time can indeed serve as 

an indicator for future clinical outcomes.  Third, I go beyond star ratings and also consider 

sentiments and topics expressed in textual online reviews; I do so because star ratings are often 

limited by the dimensions and associated numeric scales used by the rating websites. Fourth, I 

carry out a number of robustness checks to rule out factors such as endogeneity due to omitted 

variables, the possibility of sicker patients self-selecting better physicians, and review 

manipulation. Fifth, to have further confidence in my results, I consider additional outcome 

variables—four in total—to ensure that my results are not contingent on the choice of the 

outcome variable. Finally, not only I consider overall sentiment scores and ratings as predictors 

of the clinical outcome, but I also separately explore the role of each of their components. In no 

case, however, do I find the reviews for a physician to be a reliable predictor of clinical 

outcomes delivered by her. My results point to the fact that the efficacy of online reviews is far 

from certain in the context of healthcare, and potentially much less so in the context of 

treatments that could have a significant credence component. 
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 Before moving on, a quick note is in order. Although I dwell mostly on reviews in this 

chapter, the socioeconomic impact of user-generated content goes well beyond reviews. As 

shown recently, social media and online forums can also facilitate greater interactions among 

patients, possibly leading to better health outcomes (Yan et al. 2015, Yan and Tan 2014). This 

issue, however, is beyond the scope of my research. 

3.2.3 Consumer Reviews in Other Domains 

Finally, as mentioned in the very beginning of this chapter, there has been a significant amount 

of work in the domain of consumer reviews over the past two decades—in information systems, 

marketing, finance, and information science—using both numeric and textual data retrieved from 

websites on the internet. This long stream of research discusses both production and 

consumption of reviews as well as their usefulness, and in so doing provides critical insights into 

the role of consumer reviews in a number of markets such as books, hotels, movies, and more 

(e.g., Berger and Iyenger 2012, Clemons et al. 2006, Chen and Xie 2008, Chintagunta et al. 

2010, Dellarocas and Narayan 2006, Godes and Silva 2012, Gu et al. 2012, Li and Hitt 2008, 

Moe and Trusov 2011, Mayzlin et al. 2014, Mudambi and Schuff 2010, Muchnik 2013, Sun 

2012). The general finding is that consumer reviews are indeed impactful. For instance, better 

reviews are often associated with higher sales (Chevalier and Mayzlin 2006). Chevalier and 

Mayzlin (2006) also make an interesting observation that consumers actually read the review 

texts rather than relying solely on the star ratings. Some researchers have found that negative 

reviews too can have a positive effect, particularly in raising consumer awareness of the service 

quality in the hospitality sector (Vermeulen and Seegers 2009). Further, reviewer characteristics 
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matter as well; according to Forman et al. (2008), identity-relevant information about reviewers 

can shape an online community’s judgment of products and reviews.  

 Despite a large body of prior research on online consumer reviews, it is not immediately 

clear whether prior research on the efficacy and usefulness of consumer reviews automatically 

applies to the healthcare context. This is because the true quality of healthcare services can be 

significantly more difficult to assess, when compared to hotels, restaurants, or other similar 

services. In fact, as we will soon observe in this chapter, online reviews of physicians are not 

necessarily reliable in predicting their patients’ clinical outcomes, with an important implication 

being that prior studies may have limited generalizability to contexts involving credence goods. 

3.2.4 Credence Goods 

Finally, the literature on credence goods is quite relevant to this research. The term credence was 

originally proposed by Darby and Karni (1973) to characterize goods and services whose quality 

information is never revealed to consumers. This has several implications. Specifically, fraud 

and malpractice become likely—for example, hiding the quality information may allow a seller 

to sell a credence good to consumers who would not have purchased it if they had full 

information. In the healthcare context in particular, a provider may sell to a patient the most 

profitable treatment even when cheaper alternatives are available (Dulleck and Kerschbamer 

2006). Realizing that such inefficiencies are likely in credence goods markets, researchers have 

also investigated economic remedies, such as liability, verification, reputation, and competition 

(Dulleck et al. 2011). More recently, it has been suggested that consumer reviews and word-of-

mouth can play a significant role in the context of professional services that possess many 

credence qualities (Gao et al. 2015). Accordingly, whether online ratings actually contain 
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information on credence qualities has also been explored (Lu and Rui 2017). I augment this last 

stream of research by examining the case of COPD, a chronic condition that (according to the 

Center for Disease Control) afflicts nearly one in fifteen Americans today. COPD treatment, by 

nature, is almost all credence—as mentioned already, unlike the case of many acute care 

conditions and surgeries, the treatment for COPD is not episodic in nature, and the concept of 

cure and full recovery are hardly meaningful, let alone be observable. Therefore, I ask: Does 

prior research that deems reviews for other products/services generally useful and effective 

extend to such a service as well? This question is important from both theoretical and practical 

perspectives, and in this work, I seek to address it empirically. 

3.3 Research Framework 

Online reviews of physicians contain rich information. They provide more information than just 

numeric (star) ratings. For example, they often help prospective patients glean information about 

the experience of past patients of a physician regarding various aspects of care, including, but not 

limited to, the time spent by her with a patient, her bedside manners, and her ability to explain 

the diagnoses and procedures involved. Some aspects of textual reviews, such as detailed 

accounts of procedures and clinical steps performed by a physician, may also provide useful cues 

about the clinical aspects of care. It is, therefore, not surprising that online reviews often 

influence patient choice, and prospective patients expect physicians with largely positive reviews 

to deliver better clinical outcomes (Burkle and Keegan 2015, Hanauer et al. 2014).  However, as 

mentioned in previous sections, there is only limited data-driven evidence that such an 

expectation indeed holds in the case of chronic care, or for that matter, for any service that 

happens to have a significant credence component. 
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 There is indeed some legitimacy to the concern about the reliability of online physician 

reviews. This is because a patient, who typically lacks rigorous and comprehensive medical 

training, may not be well equipped to ascertain the clinical proficiency of a physician.21 

Although it is possible that, in some contexts, such as cardiac surgery, a patient can ascertain the 

success or failure of the procedure performed, it is unlikely that a patient suffering from a 

chronic condition would be able to assess his physician’s clinical abilities just as easily—the 

prolonged nature of the treatment and numerous interactions involved in the process can make it 

extremely difficult for the patient to accurately track and evaluate changes in his medical 

condition. In other words, the credence nature of chronic care could very well obfuscate a 

patient’s judgments about his physician’s abilities. This leads me to my primary research 

question (RQ): 

RQ1. Are reviews reliable for a credence good such as chronic care? In particular: 

(a) Are physicians who receive better online reviews in terms of sentiments expressed in 

textual reviews more likely to deliver better clinical outcomes to their patients? 

(b) Are physicians who receive better online reviews in terms of overall star ratings more 

likely to deliver better clinical outcomes? 

 Moreover, an online review may not necessarily emphasize information on the clinical 

characteristics of care delivery. Patients’ perceptions of a physician, as reflected in their textual 

reviews, could easily overemphasize factors such as flexibility in scheduling appointments, 

promptness and courteousness of the staff, responsiveness and professionalism of the medical 

team, etc. These factors are not necessarily indicative of the level of clinical care provided by the 

                                                           
21 Accessed on 5/25/2017 from http://health.usnews.com/health-news/patient-

advice/articles/2014/12/19/are-online-physician-ratings-any-good%20 



 

60 

physician and as such may not be accurate indicators of the eventual clinical outcomes. The 

implication is that a more nuanced analysis of textual reviews is essential to fully address the 

issue of their efficacy. For, if such reviews turn out to be not useful simply because they are not 

relevant to aspects of care, then the lack of efficacy would be attributable to a lack in relevant 

reviews and not the credence nature of the service itself. Hence, one ought to ask: 

RQ2. Even if not uniformly so, can textual reviews be a reliable indicator for physicians who 

receive reviews mostly on topics relating to aspects of care? 

 Likewise, even for star ratings, patients rate their experience across multiple dimensions, 

some directly related to the physician and the rest related mostly to her staff.  In the data used in 

this chapter, for example, patients could separately rate their satisfaction with respect to 

diagnosis, bedside manners of the physician, and appropriate follow-ups, all of which are directly 

related to the physician and care provided by her. At the same time, however, patients could also 

rate their experience with respect to the ease of appointment scheduling, courteousness of the 

physician’s office staff, and promptness of the staff. It is only natural to surmise that these staff-

related ratings may not contain the same signal as the physician-related ones and, therefore, 

should be analyzed separately. Viewed another way, the aggregate rating (also referred to as the 

overall star rating) may not be a reliable indicator of clinical outcomes even when the physician-

related dimensions are actually so; and, if this is indeed the case, online reviews would be 

somewhat useful notwithstanding the insignificance of the overall star rating. This leads to: 

RQ3. Can certain ratings, particularly the ones related to the physician, serve as a reliable 

indicator of the clinical outcomes? 
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 These research questions are visually depicted in Figure 3.1. The key explanatory 

variables include sentiments expressed in textual reviews of a physician and numeric star ratings, 

whereas the dependent variables include the actual clinical outcomes observed for a physician’s 

patients; I consider four outcome variables, two in my main analysis and an additional two in the 

section on robustness checks.  

 

 

 

 

 

 

 

 

 

Figure 3.1. Research Framework 

 

 My primary aim is to study the association between these explanatory and dependent 

variables, without any precept about the nature of the relationship, that is, whether it is positive 

or negative or insignificant (RQ1). In addition, I seek to understand whether topics embedded in 

textual reviews moderate the relationship between sentiments expressed therein and the clinical 
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Physician characteristics 

Patient mix treated 

Review topic mix 

Average review depth 

Dependent variables  

(Clinical Outcomes): 

Future readmission rate 

Future ER visit rate 

Change in severity level 

Change in mortality risk 

Key explanatory variables: 

RQ1(b):   Overall rating  

RQ3: Physician rating            

 Staff rating 

     Moderating effects 

     RQ2: Review topic 

Key explanatory variables: 

RQ1(a):   Sentiment in review text 



 

62 

outcome variables (RQ2). Finally, I consider the possibility that star ratings along certain 

dimensions could be informative even when the overall rating is not so (RQ3). 

3.3.1 Research Data 

I obtained research data from two sources: 1) Dallas-Fort Worth Hospital Council’s (DFWHC) 

Research Foundation database on COPD patients, and 2) Vitals.com, a publicly accessible health 

infomediary. The first dataset is the source of the dependent or clinical outcome variables, and 

the second one provides the key explanatory variables. 

 The DFWHC dataset spans a ten-year period from 2006 to 2015 and contains 

approximately 630,000 inpatient admission-discharge records. Each inpatient record, in turn, 

contains information on health and demographics of the patient, the diagnoses and procedures 

conducted, and the identity of the physician who delivered the care. There are approximately 

10,200 attending physicians and 330,000 patients in this dataset. Further, since chronic care is 

non-episodic, a patient may visit multiple hospitals. I track the visits of a single patient across 

multiple hospitals by matching the regional master patient index (REMPI), a unique 

identification number assigned to each patient. Thus, REMPI makes it possible for me to obtain a 

patient’s entire (inpatient) readmission history and enables me to accurately study the patterns of 

patient care and clinical outcomes delivered across multiple hospitals. 

 The second dataset was collected from Vitals.com, and it provides data on physician 

characteristics and online reviews, including textual reviews and star ratings. This dataset 

contains about 14,500 physicians in North Texas, and spans nine years from 2007 to 2015. A key 

aspect of my analysis is that I integrate this dataset with the one from the DFWHC; I do so by 

matching physician attributes such as names. The resulting dataset is essentially a panel 
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containing multiple physicians over multiple time periods (quarters). Accordingly, all variables 

are rolled up to the physician-period level. Below, I describe the construction of the variables. 

3.3.2 Dependent Variables 

All four clinical outcome variables are constructed from the DFWHC dataset. Let me first 

describe the ones used in the main analysis. Given a time point and a physician, 

Future30DayReadm measures the proportion of her future patient admissions that were followed 

by a readmission within thirty days of discharge (for the same condition, COPD). This measure 

is based on the standard industry definition of the readmission rate (Bardhan et al. 2015). To 

elaborate, I first construct a binary variable that equals one for a patient admission only if that 

patient’s next admission date is within thirty days of his discharge. Next, for each attending 

physician and quarter, that is, each record in the final panel, I calculate the forward-looking 

average of this binary variable—that is, the average over all future admissions. Likewise, I 

construct FutureERVisit to capture the proportion of future patient admissions that were followed 

by a visit to an emergency room.  

 A few important points are in order here. First, note that the variables above are actually 

fractions that range from zero to one; the higher their values, the worse are the actual clinical 

outcomes. Since these variables are continuous and not binary and we need to account for 

unobserved heterogeneities, I use unbalanced panel fixed effects to estimate the coefficients. 

Second, the outcome variables are constructed in a forward-looking manner; this is because my 

objective is to find out whether reviews available today can predict the future performance of a 

physician. So, while constructing Future30DayReadm and FutureERVisit, I only look at future 

patient admissions that were followed by a readmission or a trip to an emergency room. 
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 Instead of simply flagging thirty-day readmissions, it is also possible to measure whether 

a patient’s severity level or mortality risk at the time of a readmission actually changed from that 

at the time of his previous admission. Such a change is potentially indicative of the quality of 

care he received during the previous admission. To capture these elements, I construct two 

additional outcome variables, Future30DaySeverityTransition and 

Future30DayMortalityTransition, again by computing the appropriate forward-looking averages. 

Although these variables are not fractions, a higher value of either still indicates a worse clinical 

outcome. 

3.3.3 Key Explanatory Variables 

The key explanatory variables are constructed based on the data collected from Vitals.com. On 

Vitals.com, a patient rates his physician on a five-point scale along seven dimensions—ease of 

scheduling appointments, promptness of the staff, friendliness of staff, accurate diagnosis, 

bedside manners, time spent with patients, and appropriate follow-ups—in addition to writing a 

textual review. I first average these seven ratings corresponding to a review to come up with the 

overall rating for the review. The OverallRating of a physician at any given time is then the 

average of this overall rating across all her reviews written until that point in time. Also, as 

obvious from the above descriptions, the first three dimensions are directly related to the service 

quality provided by the physician’s staff whereas the last four are primarily about the care 

provided by the physician herself. Accordingly, in a similar manner, I create StaffRating from the 

first three dimensions, and PhysicianRating from the last four.  

 To capture sentiments expressed in textual reviews, I construct SentimentScore using a 

straightforward sentiment analysis. Such an analysis is often used to extract peoples’ opinions, 
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sentiments, evaluations, attitudes, and emotions from written language (Liu 2012). The steps 

involved are as follows. I start with a dictionary consisting of commonly used sentiment words 

(e.g., “good”). The dictionary I use is provided by Nielsen (2011), and it helps me classify the 

words and phrases into four categories: very positive, positive, negative, and very negative. With 

the help of this dictionary, I first score sentiment words in a review, and then I add those scores 

to obtain the overall sentiment score for the review.22  Next, to compute SentimentScore of a 

physician at any given time (quarter), I simply take the average sentiment score of all her all 

reviews up to that quarter.23   

Moderating Effect: To explore the potential moderating effect depicted in Figure 3.1, we need 

to examine the topic or theme underlying the textual contents. To identify the latent topics, I use 

the Latent Dirichlet Allocation (LDA) method (Blei et al. 2003, Tirunillai and Tellis 2014). To 

use this method, however, I need to decide on the number of such topics. The smallest number 

that seems reasonable in my case is four, and that is precisely what I choose. This choice leads to 

the topics shown in Table 3.1. Next, I classify the reviews based on these underlying topics. 

Since a review can discuss multiple topics, for each review, I simply focus on the most 

prominent of all the topics discussed.  

 

                                                           
22 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑠𝑐𝑜𝑟𝑒 𝑜𝑓 𝑎 𝑅𝑒𝑣𝑖𝑒𝑤 = 2 × 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑣𝑒𝑟𝑦 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑤𝑜𝑟𝑑𝑠 

                                 + 1 × 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑤𝑜𝑟𝑑𝑠 −  1 × 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑤𝑜𝑟𝑑𝑠 

                                 − 2 × 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑣𝑒𝑟𝑦 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑤𝑜𝑟𝑑𝑠 
23 As expected, we do observe a positive and significant correlation between OverallRating and 

SentimentScore, demonstrating that my construction of SentimentScore is indeed reasonable. We 

have also experimented with other available dictionaries and even created my own dictionaries 

by modifying the available ones; in no case, however, do my results change significantly. 

Finally, as demonstrated later in the paper, normalizing the sentiment score also has little effect 

on my results. 
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Table 3.1. Top Latent Topics based on Twenty Closest Word Stems 

Topic Surgery Physician Promptness Overall Care 

1 surgeri doctor offic staff 

2 pain patient call care 

3 life time wait recommend 

4 back year appoint great 

5 year good time feel 

6 procedur care nurs alway 

7 sever medic back question 

8 work problem anoth friend 

9 result ever hour high 

10 right know rude concern 

11 surgeon treat day profession 

12 hospit help tri answer 

13 day treatment test explain 

14 husband listen minut best 

15 month issu room experi 

16 first person new manner 

17 thank mani insur anyon 

18 follow physician schedul excel 

19 abl son seem famili 

20 two well staff love 

 

For a given physician and quarter, TopicSurgery is the proportion of all her reviews (up 

to that quarter) for which the most prominent theme is the surgical and procedural competence of 

her service. TopicPhysician is the proportion of reviews where the most prominent underlying 

theme is the interaction with the physician herself (for example, the time spent by the physician, 

the treatment offered by the physician, listening skills of the physician). TopicPromptness is the 

proportion of reviews where the most dominant theme is promptness of the staff in the 

physician’s office (wait times, appointment-scheduling experience, etc.). TopicOverallCare is 

essentially the proportion of reviews where the most prominent theme is the overall care 

provided by the physician and her staff. Note that these topic variables by themselves are not the 
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focus of my analysis; rather, it is their interaction with SentimentScore that we are actually 

interested in. 

3.3.4 Control Variables 

Review Topic Mix: It is important to account for the depth or comprehensiveness of reviews 

(Mudambi and Schuff 2010).  For instance, a review with ten positive terms, six negative terms, 

and a very negative term will have the same SentimentScore as a review with only two positive 

terms, but the former review is surely more expressive than the latter. To account for this, I 

construct two variables, namely, ReviewWordsNum and SentimentVariance. For each physician, 

ReviewWordsNum represents the average length (in words) of her reviews up to the time point of 

interest. Likewise, SentimentVariance is the average sentiment variance level within a review24 

—the average taken over all reviews up to that time point—and accounts for the possibility that 

two reviews having the same length and same sentiment score are not necessarily alike—a 

review with low levels of positive and negative word-of-mouth, for example, could have the 

same sentiment score as another with high levels of each (East et al. 2007). 

 I also use the topic variables, TopicSurgery, TopicPromptness, TopicPhysician, and 

TopicOverallCare, as controls. These are necessary since reviews on a particular topic can be 

more negative than those on another. For example, in the dataset, reviews concerning promptness 

                                                           
24 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑙𝑒𝑣𝑒𝑙 𝑤𝑖𝑡ℎ𝑖𝑛 𝑎 𝑟𝑒𝑣𝑖𝑒𝑤 =  

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑣𝑎𝑖𝑎𝑛𝑐𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑟𝑒𝑣𝑖𝑒𝑤

𝐿𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑡ℎ𝑒 𝑟𝑒𝑣𝑖𝑒𝑤
 ,  where 

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑜𝑓 𝑎 𝑟𝑒𝑣𝑖𝑒𝑤 

             = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑣𝑒𝑟𝑦 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑤𝑜𝑟𝑑𝑠 × (2 − 𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑠𝑐𝑜𝑟𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑟𝑒𝑣𝑖𝑒𝑤)2  
             + 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑤𝑜𝑟𝑑𝑠 × (1 − 𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑠𝑐𝑜𝑟𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑟𝑒𝑣𝑖𝑒𝑤)2  
             + 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑤𝑜𝑟𝑑𝑠 ×  (−1 − 𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑠𝑐𝑜𝑟𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑟𝑒𝑣𝑖𝑒𝑤)2  
             +  𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑣𝑒𝑟𝑦 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑤𝑜𝑟𝑑𝑠 × (−2 − 𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑠𝑐𝑜𝑟𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑟𝑒𝑣𝑖𝑒𝑤)2  
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are more negative vis-à-vis reviews on other topics; see Figure 3.2 which plots the distribution of 

the sentiment category (positive, neutral, or negative) across these four topics.25  

 

Figure 3.2. The Number of Positive, Neutral, and Negative Reviews by Latent Topics 

 

 Based on the distribution of sentiments in Figure 3.2, it seems that reviews related to 

overall care tend to be more positive as opposed to reviews for the other three latent topics. 

Similarly, observe that the reviews primarily concerned with promptness tend to be more 

negative compared to the rest. This provides insights into how the underlying themes might be 

driving sentiment scores across the physicians. In other words, two similar physicians receiving 

reviews with vastly different underlying themes could easily end up with different sentiment 

scores. It is, therefore, imperative that I also control for the latent topic distribution for each 

physician, using TopicSurgery, TopicPhysician, TopicPromptness, and TopicOverallCare. Since, 

for each physician, their sum is exactly one, we only need three of them as controls. 

                                                           
25 If SentScorePerReview is greater than zero, we label the review “positive;” if it is less than 

zero, we label it “negative,” and “neutral” if it is zero. 
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 Patient Mix: To account for the differences in the patient mix across the physicians, I 

employ several controls. These controls are especially important as, without them, the results 

might be biased against physicians who treat sicker patients (Lu and Rui 2017). For a physician, 

LOS is defined as the average length of hospital stay (the discharge date minus the admission 

date) of her patients. MortMajExt is defined as the proportion of admissions for which the patient 

has a major or extreme mortality risk, and SevMajExt is the proportion for which the severity 

level is major or extreme. Expired is the proportion of the patient admissions having a discharge 

status containing the term “expired.” I also control for the proportion of admissions for which the 

patient was previously admitted at a different hospital or hospital system. Henceforth, I use 

SwitchHosp and SwitchHospSys, respectively, to represent the respective proportions of such 

records for a physician. These controls could be useful if a patient’s decision to switch his 

hospital or hospital system is related to changes in his health condition. 

 Finally, we need to control for the ethnicity, gender, and age of patients under the care of 

a physician. Extant research has found that race, ethnicity, and language of patients can influence 

the quality of doctor-patient relationship (Ferguson and Candib 2002). Also, it is well known that 

demographic factors can influence clinical outcomes (Lu and Rui 2017). I use EthnHisp to 

denote the proportion of admissions for which the patient is Hispanic, and RaceWhite to denote 

the proportion of Caucasian. PtAge records the average age of all patients treated by the 

physician. Female measures the proportion of her female patients. 

 Physician Attributes: In light of prior research (Gao et al. 2012), it is important that I 

control for physician characteristics such as her experience. With respect to experience, I 

propose two controls. First, I use Experience to a represent a physician’s experience in terms of 
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the number of years she has practiced medicine.  Second, I use VisitsNum to represent the 

number of patient admissions for the physician up to a quarter; this is essentially a proxy for the 

physician’s experience up to that quarter in terms of the number of patients under her care. 

 To control for the past clinical performance of a physician, I construct 30DayReadm, the 

average 30-day readmission rate for all patients treated by the physician in the past; I similarly 

construct the control ERVisit. As a reminder, these variables as well as all other explanatory 

variables are backward-looking, as opposed to the forward-looking outcome variables such as 

Future30DayReadm or FutureERVisit.26 Table 3.2 summarizes the relevant descriptive statistics 

of the variables used in this chapter.  

3.4 Estimation Model and Results 

I first present the results based on the full sample, and then carry out subsample analyses to rule 

out alternative explanations. 

3.4.1 Reliability of Reviews as a Whole 

I use the following two-way fixed-effects panel model for RQ1:  

  𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙𝑂𝑢𝑡𝑐𝑜𝑚𝑒𝑖,𝑡→𝑇 =  𝑅𝑒𝑣𝑖𝑒𝑤𝑖,0→𝑡𝛽 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,0→𝑡𝛿 +  𝜇𝑖 +  𝜈𝑡 +  휀𝑖𝑡.          (3.1) 

In (3.1), ClinicalOutcomei,tT represents the forward-looking outcome variable. It is essentially 

the average performance of physician i, period (quarter) t onwards. Although I have constructed 

                                                           
26 Some extra caution is necessary when using these controls. For example, when the outcome 

variable of interest is Future30DayReadm, it is perhaps wiser to run the regressions without the 

control 30DayReadm; this is because, if 30DayReadm and Future30DayReadm are highly 

correlated, using 30DayReadm as a control could easily render all other explanatory variables 

insignificant. Likewise, when the outcome variable of interest is FutureERVisit, it is perhaps 

safer to not use the control ERVisit. We have, in fact, run the regressions both ways, with and 

without these controls. Fortunately, in my case, the results hardly change whether or not the 

controls are left out. 
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four outcome variables (see Table 3.2), in this section, I focus on the first two, 

Future30DayReadm and FutureERVisit.  

Table 3.2. Descriptive Statistics 

Type Variable Mean Median Std Dev Min Max 

Clinical Outcome 

(Dependent 

Variable) 

Future30DayReadm 0.055 0.000 0.160 0 1 

FutureERVisit 0.637 0.833 0.413 0 1 

Future30DaySeverityTransition 0.026 0.000 0.321 -2 3 

Future30DayMortalityTransition 0.021 0.000 0.272 -3 2 

Ratings/Sentiment 

(Key Explanatory 

Variable) 

SentimentScore 2.531 2.500 2.860 -23 23 

OverallRating 4.067 4.429 1.032 1 5 

PhysicianRating 4.063 4.550 1.132 1 5 

StaffRating 4.072 4.333 0.995 1 5 

Review Topics 

(Control, 

Moderating 

Effect) 

TopicSurgery 0.253 0.000 0.343 0 1 

TopicPhysician 0.269 0.101 0.341 0 1 

TopicPromptness 0.193 0.000 0.297 0 1 

TopicOverallCare 0.286 0.143 0.347 0 1 

Review Depth 

(Control) 

ReviewWordsNum 63.731 55.000 43.512 4.250 625.500 

SentimentVariance 1.499 0.802 2.282 0 46.446 

Patient Mix 

(Control) 

LOS 4.089 3.600 2.656 0 90 

SevMajExt 0.237 0.176 0.230 0 1 

MortMajExt 0.123 0.048 0.169 0 1 

Expired 0.012 0.000 0.041 0 1 

SwitchHosp 0.367 0.333 0.313 0 1 

SwitchHospSys 0.289 0.228 0.290 0 1 

EthnHisp 0.069 0.027 0.116 0 1 

RaceWhite 0.782 0.836 0.213 0 1 

PtAge 51.236 59.000 20.518 1 96.333 

Female 0.610 0.598 0.257 0 1 

Physician 

Attributes 

(Control) 

Experience 20.573 20.000 9.487 0 50 

VisitsNum 65.161 24.000 123.917 1 1679.5 

30DayReadm 0.079 0.053 0.111 0 1 

ERVisit 0.604 0.625 0.272 0 1 

 

As far explanatory variables are concerned, Reviewi,0t represents physician i’s online 

stock of reputation at time t and is calculated based on all reviews available up until quarter t. 
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More specifically, to answer RQ1(a), I consider the stock of SentimentScore, while I use 

OverallRating for RQ1(b).  Controlsi,0t is a vector made up of all control variables (review topic 

mix, patient mix, physician attributes) and, as a reminder, it is also constructed in a backward-

looking manner based on reviews and admissions data for physician i up until quarter t.  

 Note that the use of a forward-looking outcome variable, along with backward-looking 

explanatory variables, mitigates possible biases that could arise from simultaneity between the 

explanatory and outcome variables. In addition, μi, the time-invariant fixed effect for physician i, 

takes into account unobservable heterogeneity across physicians, whereas νt, the time fixed effect 

for quarter t, takes care of unobserved time shocks. Finally, εit is the idiosyncratic error term.  

 Table 3.3 lists the coefficient estimates from the panel regression. For the standard errors, 

I use heteroskedasticity-consistent estimates clustered by physicians. The first two columns in 

the table show the regression of Future30DayReadm on SentimentScore and OverallRating, 

respectively, whereas the last two columns show the same for the other outcome variable of 

interest, FutureERVisit.  

 Since a higher value of either outcome variable indicates a worse clinical outcome, for 

reviews to be considered useful to potential consumers, we need the coefficient of the main 

explanatory variable—SentimentScore or OverallRating—to be both statistically significant and 

negative. Interestingly, however, this is not the case in any of the four columns of Table 3.3. The 

results in Table 3.3 are, therefore, an indication that the case of COPD care, which is heavily 

fraught with credence qualities, is likely different from search and experience goods considered 

in prior literature, and that it is indeed presumptuous to expect online reviews to be equally 

effective for healthcare services such as chronic care. 
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Table 3.3. Two-way Fixed Effect Estimation for RQ1 

Variables 
 Future30DayReadm FutureERVisit 

RQ1a RQ1b RQ1a RQ1b 

SentimentScore 0.002+ (0.001)   0.003 (0.002)   

OverallRating   0.001 (0.002)   0.004 (0.005) 

TopicSurgery -0.002 (0.008) -0.005 (0.008) -0.039+ (0.021) -0.046* (0.021) 

TopicPromptness -0.001 (0.008) -0.002 (0.008) -0.012 (0.020) -0.013 (0.021) 

TopicOverallCare 0.002 (0.007) 0.003 (0.007) -0.051* (0.020) -0.053** (0.020) 

ReviewWordsNum 0.000 (0.000) -0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 

SentimentVariance -0.002* (0.001) -0.001 (0.001) 0.003 (0.002) 0.005* (0.002) 

LOS -0.000 (0.001) -0.000 (0.001) -0.001 (0.007) -0.000 (0.008) 

SevMajExt 0.031 (0.048) 0.049 (0.046) -0.046 (0.108) -0.048 (0.108) 

MortMajExt -0.122* (0.055) -0.140* (0.055) -0.118 (0.136) -0.119 (0.137) 

Expired -0.200 (0.295) -0.205 (0.297) 0.088 (0.364) 0.100 (0.367) 

SwitchHosp 0.024 (0.018) 0.021 (0.018) -0.022 (0.051) -0.023 (0.052) 

SwitchHospSys -0.009 (0.020) -0.008 (0.020) 0.024 (0.055) 0.027 (0.055) 

EthnHisp 0.002 (0.035) 0.005 (0.035) -0.103 (0.124) -0.091 (0.124) 

RaceWhite 0.012 (0.023) 0.015 (0.023) 0.055 (0.069) 0.056 (0.069) 

PtAge 0.000 (0.001) 0.001 (0.001) 0.001 (0.002) 0.001 (0.002) 

Female 0.010 (0.032) 0.010 (0.032) -0.074 (0.075) -0.079 (0.075) 

Experience -0.002+ (0.001) -0.002+ (0.001) -0.002 (0.005) -0.002 (0.005) 

VisitsNum -0.000 (0.000) -0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 

30DayReadm     -0.017 (0.126) -0.016 (0.127) 

ERVisit 0.001 (0.027) -0.002 (0.027)     

R-squared 0.8616 0.8644 0.9044 0.9047 

Root MSE 0.0604 0.0598 0.1303 0.1302 

No. of Physicians 2020 2002 1968 1950 

p<0.1+, p< 0.05*, p<0.01**, p<0.001***, standard errors (within parentheses) 

  

3.4.2 Reliability and Review Topics 

I now address RQ2, that is, whether reviews on certain topics could be useful even if not all of 

them are. In particular, to see whether SentimentScore can indeed be a reliable indicator for 

physicians who primarily receive reviews on topics such as physician or surgery, I introduce new 

interaction terms in my regression. Since we have four topics (see Table 3.1), we need three 

interaction terms. I treat TopicPhysician as the base category and introduce: 
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𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑆𝑐𝑜𝑟𝑒𝑖,0→𝑡 × 𝑇𝑜𝑝𝑖𝑐𝑆𝑢𝑟𝑔𝑒𝑟𝑦𝑖,0→𝑡, 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑆𝑐𝑜𝑟𝑒𝑖,0→𝑡 × 𝑇𝑜𝑝𝑖𝑐𝑃𝑟𝑜𝑚𝑝𝑡𝑛𝑒𝑠𝑠𝑖,0→𝑡, 

and 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑆𝑐𝑜𝑟𝑒𝑖,0→𝑡 × 𝑇𝑜𝑝𝑖𝑐𝑂𝑣𝑒𝑟𝑎𝑙𝑙𝐶𝑎𝑟𝑒𝑖,0→𝑡. In other words, I estimate: 

𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙𝑂𝑢𝑡𝑐𝑜𝑚𝑒𝑖,𝑡→𝑇 =  𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑆𝑐𝑜𝑟𝑒𝑖,0→𝑡𝛽                                                                      

+ 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑆𝑐𝑜𝑟𝑒𝑖,0→𝑡 × 𝑇𝑜𝑝𝑖𝑐𝑆𝑢𝑟𝑔𝑒𝑟𝑦𝑖,0→𝑡 𝛾𝑆𝑢𝑟𝑔𝑒𝑟𝑦               

+ 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑆𝑐𝑜𝑟𝑒𝑖,0→𝑡 × 𝑇𝑜𝑝𝑖𝑐𝑃𝑟𝑜𝑚𝑝𝑡𝑛𝑒𝑠𝑠𝑖,0→𝑡 𝛾𝑃𝑟𝑜𝑚𝑝𝑡𝑛𝑒𝑠𝑠 

+ 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑆𝑐𝑜𝑟𝑒𝑖,0→𝑡 × 𝑇𝑜𝑝𝑖𝑐𝑂𝑣𝑒𝑟𝑎𝑙𝑙𝐶𝑎𝑟𝑒𝑖,0→𝑡𝛾𝑂𝑣𝑒𝑟𝑎𝑙𝑙𝐶𝑎𝑟𝑒 

+ 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,0→𝑡𝛿 +  𝜇𝑖 +  𝜈𝑡 +  휀𝑖𝑡.                                                             

 

 

(3.2) 

 All variables other than the new interaction terms are exactly as described earlier. To 

interpret the interaction terms, note that TopicSurgeryi,0t is the number of reviews of physician i 

up until t for which the most prominent topic is surgery, divided by the total number of her 

reviews until that time. A similar meaning applies to the other topic variables in (3.2). Table 3.4 

shows the results of the two-way fixed effects panel estimation.  

 The coefficient of SentimentScore is now insignificant, for both Future30DayReadm and 

FutureERVisit. The implication is clear: Even if TopicPhysician = 1 and TopicSurgery = 

TopicPromptness = TopicOverallCare = 0 were to hold for a particular physician—that is, even 

if all reviews of the physician were on the topic physician—sentiments expressed in review texts 

would still not be useful in predicting her clinical performance. Further, the interaction terms are 

all insignificant, implying that reviews on the other topics are just as uninformative as those on 

the topic physician. In addition, I have verified that the sum of the coefficients of SentimentScore 

and SentimentScore × TopicSurgery is statistically insignificant for both outcome variables, 

further implying that reviews would not be any more helpful even if they were all about the topic 

surgery. Interestingly, the same is true for the other two interaction terms as well. All in all, 
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reviews on no particular topic seem to be of much help in assessing the true quality of a credence 

good such as chronic care.  

Table 3.4. Two-way Fixed Effect Estimation for RQ2 

Variables Future30DayReadm FutureERVisit 

SentimentScore 0.002 (0.002) -0.000 (0.003) 

SentimentScore × TopicSurgery -0.002 (0.002) 0.001 (0.004) 

SentimentScore × TopicPromptness -0.001 (0.002) 0.006 (0.004) 

SentimentScore × TopicOverallCare 0.000 (0.002) 0.007 (0.004) 

TopicSurgery -0.002 (0.008) -0.043* (0.021) 

TopicPromptness -0.000 (0.008) -0.006 (0.021) 

TopicOverallCare 0.001 (0.008) -0.058** (0.021) 

ReviewWordsNum -0.000 (0.000) 0.000 (0.000) 

SentimentVariance -0.002* (0.001) 0.003 (0.002) 

LOS -0.000 (0.001) -0.001 (0.007) 

SevMajExt 0.032 (0.048) -0.045 (0.108) 

MortMajExt -0.122* (0.055) -0.117 (0.136) 

Expired -0.200 (0.295) 0.103 (0.363) 

SwitchHosp 0.025 (0.018) -0.02 (0.051) 

SwitchHospSys -0.010 (0.020) 0.022 (0.055) 

EthnHisp 0.003 (0.035) -0.097 (0.125) 

RaceWhite 0.013 (0.022) 0.059 (0.070) 

PtAge 0.000 (0.001) 0.001 (0.002) 

Female 0.010 (0.032) -0.075 (0.074) 

Experience -0.002 (0.001) -0.002 (0.005) 

VisitsNum -0.000 (0.000) 0.000 (0.000) 

30DayReadm  -0.017 (0.126) 

ERVisit 0.001 (0.027)  

R-squared 0.8617 0.9045 

Root MSE 0.0604 0.1302 

No. of Physicians 2020 1968 

p<0.1+, p< 0.05*, p<0.01**, p<0.001***, standard errors (within parentheses) 

 

3.4.3 Components of Star Rating 

Let us now address RQ3. To answer RQ3, I reuse the model in (3.1), of course, with one minor 

adjustment: Reviewi,0t is now either PhysicianRatingi,0t or StaffRatingi,0t. The results are 
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shown in Table 3.5. Evidently, for neither clinical outcome variable, the coefficient of 

PhysicianRating or StaffRating is both significant and negative. Thus, I continue to find that 

ratings and reviews are generally not useful in this context.  

3.4.4 Alternative Explanations 

There could be alternative explanations behind the findings above. First, physicians unable to get 

good ratings from patients might engage in review manipulation (Lagu et al. 2010), making the 

reviews fraudulent to begin with. This will naturally diminish the findings above. Second, I have 

to weigh the possibility that patients with poor health may choose to go to physicians who are 

perceived to be of high quality (Dranove et al. 2003). This, too, would lead to obvious 

endogeneity concerns about my findings. To rule out these alternative explanations—review 

manipulation and patient self-selection—I have conducted additional subsample analyses. 

Although I have done the same analyses for all the three research questions, for the sake of 

brevity, I discuss below only those that pertain to RQ1; the methods and conclusions for the 

other two happen to be similar. 

Review Manipulation 

To investigate potential manipulation, I use online review data from Yelp. Yelp flags potentially 

manipulated reviews and labels them “not recommended” (Luca and Zervas 2016). Reviews that 

Yelp finds trustworthy are accordingly labeled “recommended.” Although Yelp’s algorithm is 

not a perfect classifier, it does provide us with an understanding of who is engaging in 

manipulation and who is not—fewer “not recommended” reviews for a physician simply 

amounts to a lower probability of manipulation by her. To rule out manipulation as a probable 
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cause, I therefore employ a sub-sample analysis that focuses solely on physicians for whom all 

Yelp reviews are “recommended.”  

 The results from the sub-panel analysis are shown in Table 3.6. Evidently, the coefficient 

estimates of the two key explanatory variables—SentimentScore and OverallRating—remain 

qualitatively similar to their counterparts in Table 3.3. There is still no coefficient that is 

statistically significant and negative. The implication is thus clear. My earlier results are not a 

consequence of review manipulation. 

Table 3.5. Two-way Fixed Effect Estimation for RQ3 

Variables Future30DayReadm   FutureERVisit 

PhysicianRating -0.000 (0.002)   0.003 (0.005) – 

StaffRating   -0.000 (0.002)   0.003 (0.006) 

TopicSurgery -0.005 (0.008) -0.004 (0.008) -0.046* (0.021) -0.040+ (0.021) 

TopicPromptness -0.003 (0.008) -0.001 (0.008) -0.016 (0.021) -0.017 (0.021) 

TopicOverallCare 0.003 (0.007) 0.004 (0.008) -0.055** (0.020) -0.050* (0.020) 

ReviewWordsNum -0.000 (0.000) -0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 

SentimentVariance -0.001 (0.001) -0.001 (0.001) 0.005* (0.002) 0.005* (0.002) 

LOS -0.000 (0.001) -0.000 (0.001) 0.000 (0.008) -0.000 (0.008) 

SevMajExt 0.050 (0.046) 0.048 (0.046) -0.037 (0.108) -0.050 (0.111) 

MortMajExt -0.140* (0.055) -0.143** (0.055) -0.129 (0.137) -0.118 (0.139) 

Expired -0.202 (0.297) -0.205 (0.299) 0.105 (0.366) 0.107 (0.368) 

SwitchHosp 0.020 (0.018) 0.020 (0.018) -0.025 (0.052) -0.022 (0.051) 

SwitchHospSys -0.007 (0.02) -0.007 (0.02) 0.029 (0.055) 0.026 (0.055) 

EthnHisp 0.005 (0.035) 0.004 (0.035) -0.094 (0.124) -0.099 (0.124) 

RaceWhite 0.015 (0.023) 0.012 (0.023) 0.055 (0.069) 0.053 (0.071) 

PtAge 0.001 (0.001) 0.001 (0.001) 0.001 (0.002) 0.000 (0.002) 

Female 0.010 (0.032) 0.010 (0.033) -0.085 (0.074) -0.090 (0.077) 

Experience -0.002+ (0.001) -0.002+ (0.001) -0.002 (0.005) -0.001 (0.005) 

VisitsNum -0.000 (0.000) -0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 

30DayReadm     -0.018 (0.127) -0.014 (0.127) 

ERVisit -0.003 (0.027) -0.001 (0.027)     

R-squared 0.8648 0.8613 0.9047 0.9044 

Root MSE 0.0597 0.0600 0.1303 0.1306 

No. of Physicians 1993 1984 1941 1933 

p<0.1+, p< 0.05*, p<0.01**, p<0.001***, standard errors (within parentheses) 
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Table 3.6. Two-way Fixed Effects Estimation – Physicians with No Doubtful Yelp Reviews 

Variables 
Future30DayReadm FutureERVisit 

RQ1a RQ1b RQ1a RQ1b 

SentimentScore 0.003* (0.001)  0.005 (0.004) – 

OverallRating  0.004 (0.003)  0.012 (0.010) 

TopicSurgery 0.004 (0.013) -0.002 (0.012) 0.008 (0.040) -0.005 (0.039) 

TopicPromptness -0.014 (0.015) -0.010 (0.015) -0.06 (0.039) -0.059 (0.041) 

TopicOverallCare 0.009 (0.017) 0.007 (0.016) -0.038 (0.036) -0.042 (0.036) 

ReviewWordsNum 0.000 (0.000) -0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 

SentimentVariance -0.003** (0.001) -0.001 (0.001) -0.002 (0.004) 0.000 (0.004) 

LOS 0.000 (0.003) -0.001 (0.006) -0.003 (0.009) -0.009 (0.014) 

SevMajExt 0.167 (0.128) 0.178 (0.131) 0.183 (0.251) 0.190 (0.252) 

MortMajExt -0.212 (0.137) -0.231+ (0.139) -0.544* (0.257) -0.545* (0.261) 

Expired -0.570 (0.686) -0.627 (0.699) -0.992 (1.133) -0.886 (1.101) 

SwitchHosp 0.023 (0.040) 0.020 (0.040) -0.007 (0.096) -0.003 (0.096) 

SwitchHospSys -0.015 (0.038) -0.014 (0.038) -0.046 (0.102) -0.046 (0.103) 

EthnHisp -0.081 (0.069) -0.083 (0.069) 0.278 (0.239) 0.295 (0.235) 

RaceWhite -0.057 (0.045) -0.055 (0.044) 0.119 (0.178) 0.128 (0.179) 

PtAge -0.000 (0.001) -0.000 (0.001) 0.003 (0.004) 0.003 (0.004) 

Female -0.048 (0.067) -0.044 (0.069) -0.354+ (0.182) -0.351+ (0.180) 

Experience -0.003 (0.002) -0.003 (0.002) 0.005 (0.009) 0.006 (0.009) 

VisitsNum 0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 

30DayReadm   0.543* (0.266) 0.533* (0.271) 

ERVisit 0.015 (0.066) 0.010 (0.067)   

R-squared 0.8882 0.8910 0.9077 0.9087 

Root MSE 0.0568 0.0558 0.1303 0.1297 

No. of Physicians 577 574 561 558 

p<0.1+, p< 0.05*, p<0.01**, p<0.001***, standard errors (within parentheses) 

 

Self-Selection by Patients 

If such self-selection is widespread, physicians who deliver better clinical outcomes could end up 

receiving relatively poorer reviews. Although I somewhat address this issue by controlling for 

the patient mix treated by a physician (see Table 3.2), a more rigorous analysis is clearly 
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warranted. To that end, I now carry out a panel analysis of a panel containing non-elective 

admissions, that is, admissions for which the patients had no hand in selecting their physicians.  

Table 3.7. Two-way Fixed Effects Estimation – Panel of Non-Elective Admissions 

Variables 
Future30DayReadm FutureERVisit 

RQ1a RQ1b RQ1a RQ1b 

SentimentScore 0.002* (0.001) – 0.000 (0.002) – 

OverallRating – 0.002 (0.002) – 0.004 (0.005) 

TopicSurgery 0.003 (0.007) 0.001 (0.008) -0.025 (0.020) -0.031 (0.020) 

TopicPromptness -0.000 (0.008) 0.002 (0.008) -0.023 (0.019) -0.018 (0.019) 

TopicOverallCare 0.000 (0.008) 0.000 (0.008) -0.040* (0.018) -0.044* (0.018) 

ReviewWordsNum -0.000 (0.000) -0.000+ (0.000) -0.000 (0.000) -0.000 (0.000) 

SentimentVariance -0.001 (0.001) 0.000 (0.001) 0.003 (0.002) 0.003 (0.002) 

LOS 0.001 (0.002) 0.001 (0.002) -0.022* (0.011) -0.020+ (0.011) 

SevMajExt 0.028 (0.054) 0.052 (0.051) 0.057 (0.111) 0.063 (0.112) 

MortMajExt -0.125+ (0.065) -0.149* (0.064) -0.116 (0.134) -0.118 (0.134) 

Expired -0.095 (0.290) -0.108 (0.295) -0.003 (0.401) 0.107 (0.395) 

SwitchHosp 0.021 (0.020) 0.016 (0.019) 0.031 (0.069) 0.026 (0.069) 

SwitchHospSys 0.008 (0.026) 0.011 (0.026) -0.046 (0.07) -0.035 (0.070) 

EthnHisp 0.007 (0.034) 0.009 (0.034) -0.062 (0.144) -0.029 (0.142) 

RaceWhite 0.021 (0.024) 0.025 (0.024) 0.019 (0.074) 0.016 (0.074) 

PtAge -0.001 (0.001) -0.001 (0.001) 0.003 (0.002) 0.003 (0.002) 

Female 0.032 (0.035) 0.033 (0.035) -0.046 (0.091) -0.049 (0.092) 

Experience -0.002+ (0.001) -0.002* (0.001) -0.006 (0.004) -0.006 (0.004) 

VisitsNum -0.000 (0.000) -0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 

30DayReadm – – -0.031 (0.129) -0.004 (0.127) 

ERVisit 0.019 (0.030) 0.016 (0.030) – – 

R-squared 0.8767 0.8807 0.9175 0.9181 

Root MSE 0.0534 0.0525 0.1095 0.1091 

No. of Physicians 1759 1741 1695 1677 

p<0.1+, p< 0.05*, p<0.01**, p<0.001***, standard errors (within parentheses) 

 

 These non-elective admission panel records have the one of the following admission 

types: 1) medical emergency, 2) urgent. Table 3.7 shows the revised estimates from the panel 

analysis based on non-elective admissions. It is amply clear from Table 3.7 that all the results are 

qualitatively similar to those in Table 3.3, and there is still no evidence that ratings or sentiments 
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in online reviews are actually capable of indicating a physician’s ability to deliver better clinical 

outcomes. 

3.5 Robustness Checks 

Although the subsample analyses above rule out some of the concerns, a few others remain, such 

as the omitted variable bias, the generalizability of the results with respect to other clinical 

outcomes, the possibility of a nonlinear relationship between the outcome and explanatory 

variables, and finally the sensitivity of the results to the choice of the sentiment metric. 

3.5.1 Omitted Variable Bias 

To address endogeneity concerns that might stem from omission of variables correlated with the 

key explanatory variables and the dependent variable, I construct two instrument variables (IV), 

namely, PeerSentimentScore and PeerOverallRating, for SentimentScore and OverallRating, 

respectively. These IVs respectively represent the average SentimentScore and the average 

OverallRating received by the attending physician’s peers in the same hospital system, over the 

previous ten quarters. The rationale behind these IVs is as follows: a physician’s online 

perception is likely to be associated with the online perception of her peers in the same hospital 

system. However, the time-aggregated online perception of her peer group need not 

systematically determine clinical outcomes of her patients. The first stage regression results also 

confirm that these IVs are strong. The second-stage estimation results suggest that all our earlier 

insights remain valid. There is still no evidence that physicians who receive more positive textual 

comments or higher star ratings compared to their peers can actually be trusted to deliver better 

clinical outcomes. 
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3.5.2 Other Clinical Outcomes 

So far, we have considered two clinical outcome variables, namely, Future30DayReadm and 

FutureERVisit. Although these two variables are highly relevant to my context, we need to 

examine a few additional ones as well, in order to convince ourselves that the main insights are 

not driven by the choice of the outcome variables. To that end, I now consider 

Future30DaySeverityTransition and Future30DayMortalityTransition; see Section 3.3 for details 

on their construction. I find that the original results about the lack of efficacy of online reviews 

also extend to these new outcome variables. In fact, the coefficients of SentimentScore and 

OverallRating turn out to be insignificant for both Future30DaySeverityTransition and 

Future30DayMortalityTransition.  All in all, online reviews seem incapable of providing useful 

signals about any of the outcome variables.  

3.5.3 Nonlinear Relationships 

In the dataset, the average rating of a physician is approximately 4.0 stars (out of a maximum of 

5). The median is even higher. Overall, the ratings seem concentrated at the upper end of the 

spectrum. Since such a compression can lead to unforeseen nonlinearities, I rerun my model in 

(3.1) with additional regression terms, SentimentScoreSquared and OverallRatingSquared—the 

squares of SentimentScore and OverallRatin, respectively. Interestingly, even after adding these 

new terms, I do not observe any significant connection between a better review and a superior 

clinical outcome. Neither the coefficient of SentimentScore nor that of SentimentScoreSquared is 

significant. Likewise, both OverallRating and OverallRatingSquared are found to have 

insignificant coefficients. Apparently, the nonlinearities are not a significant factor here, and the 

earlier results are demonstrably robust. 
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3.5.4 Alternative Sentiment Metric 

Finally, I consider a different sentiment metric, SentimentNormScore, as an alternative to 

SentimentScore, to see whether the insights are sufficiently robust to the choice of the metric. 

The new metric is calculated as the average of the normalized sentiment score per review—the 

average taken over all reviews of a physician up until a time point—where the normalized 

sentiment score of a review is simply the sentiment score of the review divided by its length. The 

construction of SentimentNormScore is thus analogous to that of SentimentScore, and this metric, 

too, provides a backward-looking measure of a physician’s online stock of reputation. I consider 

this alternative metric only to alleviate the concern that my results could very well be an artifact 

of my specification of the sentiment metric—some might even argue that the normalized score, 

which represents the intensity of the sentiment expressed, is a better representative of the true 

sentiment than the sentiment score itself. The results from the two-way fixed-effects regression 

estimation with this new metric makes it abundantly clear that SentimentNormScore, too, is 

incapable of providing any useful signals about clinical outcomes to be expected from a 

physician. 

3.6 Conclusion 

Combining a proprietary patient-admission-discharge dataset with publicly available online 

reviews, this research empirically examines the link between online reviews of physicians 

treating COPD patients and the actual clinical outcomes experienced by their patients. It employs 

a rigorous set of controls and also employs a two-way fixed effects model to take into account 

unobservable heterogeneities. Contrary to recent research, I find no clear relationship between 

online reviews of physicians and their patients’ clinical outcomes, such as the readmission or the 
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ER visit rate. Not only do I find the overall rating and sentiment score to be uninformative, but I 

also find their constituents to be equally lacking in signals of likely clinical outcomes. For 

example, sentiments expressed in reviews concerning a topic such as the physician or surgery 

turned out to be simply as uninformative as the overall sentiment score. Likewise, neither 

component of the overall rating—neither the physician rating nor the staff rating—was indicative 

of the readmission or the ER visit rate expected from a physician. In summary, although the 

reviews and ratings may tell a story with respect to certain aspects of care, such as efficiency, 

courteousness, or promptness, they are simply not reliable indicators of the clinical performance 

of a physician. That online reviews can be so uninformative in certain contexts is somewhat of a 

surprise, given the long stream of research that has generally found them to be otherwise. 

 To add to the rigor of the empirical analysis and convince the reader of the veracity of my 

main findings, I looked at a number of related issues that could be biasing my results. First, using 

subsample analyses, I ruled out review manipulation and patient self-selection as probable 

causes. I then considered alternative model specifications (such as the nonlinear model), 

alternative choices for clinical outcomes (the changes in the mortality risk and the severity level 

from an admission to a readmission), and an alternative sentiment metric (normalized sentiment 

score). Notwithstanding these additional tests, the lack of efficacy of online reviews was 

uniformly conspicuous—in no case did I find a connection between reviews and the actual 

clinical performance of a physician.  

3.6.1 Practical Implications 

My results have important policy implications. They clearly indicate that online reviews of 

physicians treating long-term chronic diseases need to be taken with extra caution. This is 
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because, in the case of prolonged treatments requiring multiple hospital visits, the clinical 

outcomes are often much harder to define, let alone evaluate or comprehend, when compared to 

episode-based services such as surgeries. In this sense, there is a large credence side to chronic 

care—a unique element not common in goods or services considered in prior research on 

consumer reviews. Naturally, it would be simply presumptuous to assume that prior research 

automatically extends to chronic care. This chapter highlights this important point, and throws a 

bit of caution in the wind that online reviews are potentially not as reliable for credence goods as 

they are in other contexts. Patients, physicians, and policymakers, for that matter anyone dealing 

with credence goods, should take a pause and rethink, instead of relying overly on such reviews, 

and should perhaps look for better ways to close the patient-provider information gap. 

 First and foremost, healthcare consumers should be careful about using online reviews 

and ratings to form opinions about the quality of care delivered by a physician. My results 

indicate that physicians who receive more positive online reviews may not necessarily provide 

better care quality, as measured by their patients’ clinical outcomes. Likewise, hospitals and 

clinics should also be careful about relying on these reviews when evaluating physician 

performance, since these reviews are unlikely to reflect a physicians’ true ability to deliver better 

clinical outcomes. If a hospital or clinic starts incentivizing its physicians based on their online 

reviews, the physicians might end up redirecting their effort towards artificially inflating their 

online reputation, instead of squarely focusing on delivering the best possible clinical outcome. 

At the same time, physicians delivering the highest quality care may not feel rewarded and may 

eventually leave the hospital or the clinic. 
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 In a similar vein, the main lesson for policymakers is that, in certain healthcare contexts, 

they cannot, and should not, rely on the review websites to take care of the information gaps that 

still persist between patients and providers. Since reducing these information asymmetries is 

important to achieving an efficient marketplace and establishing a much desired patient-centered 

approach to healthcare, policy makers need to be proactive. In particular, they should make 

additional information available to healthcare consumers. Fortunately, the US Federal 

Government has already started moving in this direction. In the middle of the last decade, the 

Center for Medicare and Medicaid Services (CMS), an agency of the government, took an 

important step towards bringing transparency in this market by initiating the PQRS program—a 

system designed to incentivize physicians to report their adherence to clinical guidelines 

stipulated by the CMS. Now, this adherence information is being made available to the general 

public. However, many patients are not even aware of this information. As a result, there has not 

been a widespread adoption of the CMS-assigned adherence scores among the patient 

population. This perhaps explains why the patients remain overwhelmingly reliant on online 

reviews. Whether intended or not, this overreliance is clearly not without risks given the findings 

of this work. To effect a change and move away from this unfortunate status quo, the 

government needs to provide better visualization tools, in order to encourage a greater use of the 

PQRS data as well as various other objective care-quality measures that it currently possesses. 

For example, various statistics on important metrics monitored by the CMS, such as the thirty-

day readmission rate, could be made more widely available, along with appropriate charting 

tools. All these would help healthcare consumers since, as this work tells us, some healthcare 

services are extremely difficult for them to assess themselves and reflect on. A more reliable 
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source, other than the patients themselves, would go a long way in reducing information 

asymmetries that now exist in the healthcare market. Put another way, more sources of 

information capable equipping the patients with a better understanding of the true quality of care 

would further the case of patient-centered care in a much more significant way than what the 

review websites are currently capable of. 

3.6.2 Theoretical Implications 

There are a few broader takeaways as well. Although researchers have found online reviews to 

be quite useful for services (such as hotels and restaurants) and information goods (such as books 

and movies), I show that they may not be effective for evaluating physician care quality. In other 

words, the efficacy of reviews clearly depends on the business context—for complex services 

such as healthcare, one ought to be more skeptical about second-hand experiences. This nuanced 

insight is not only important, but it also enriches the broader literature on consumer reviews and 

their usefulness. Researchers should not simply assume that studies in one domain automatically 

extend to the others—the efficacy observed in the case of experience goods or services may not 

extend to the ones that are fraught with a significantly more credence component. Therefore, it is 

essential to conduct additional research to rigorously validate earlier findings in newer contexts, 

especially in the healthcare settings where the outcomes are not easily observable and 

appreciating the nitty-gritty of the clinical steps is beyond the abilities of a typical patient. 

 On a related note, prior research on physician reviews has deemed online ratings to be 

reliable in the case of surgeries (Lu and Rui 2017, Segal et al. 2012). From that perspective, that 

I find a different result in the context of COPD is not only somewhat of a surprise, but also quite 

insightful. This is, in fact, a reminder that, unlike the case of a surgery, chronic care is not 
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episode-based, and the very long-term nature of it could leave its patients without sufficient cues 

about their own progress. As a result, it is unlikely that patients can provide reviews that 

accurately reflect the true clinical abilities of their physicians. Again, the salient lesson is that, 

when it comes to the efficacy of online reviews, the context is certainly the defining factor—

even within the healthcare sector, there could be significant variability depending on the actual 

service provided. 

 Finally, my findings offer marked contrast to those in prior literature that has primarily 

relied on hospital-level analyses (e.g. Doyle et al. 2013). This difference is also noteworthy, and 

unless recognized, could prompt a practitioner to mistakenly extrapolate hospital-level findings 

to draw inferences about the usefulness of online physician reviews. The rationale here is 

actually two-fold. First, the way in which a patient evaluates a physician could be different from 

the way he assesses hospitals or other provider organizations. Second, offline surveys conducted 

by hospitals and clinics traditionally use scales and ranking systems to gauge a patient’s 

experience, as opposed to physician review websites which allow for a much greater use of free-

flowing textual content. Thus, it is entirely possible that online websites capture consumer 

sentiments in a much richer manner, amassing details not captured in offline surveys. 

3.6.3 Limitations and Future Research 

First, the dataset used in this research focuses on physicians treating patients suffering from a 

specific chronic condition, namely, COPD. Although focusing on one specific class of diseases 

allows me to rule out idiosyncratic effects associated with different health conditions and the 

resulting patient heterogeneity, doing so invariably limits the generalizability of my findings to 

physicians involved in treatments of other chronic health conditions, such as congestive heart 
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failure, hypertension, diabetes, etc. We have already seen that the efficacy of reviews is highly 

context-sensitive, so it is not immediate that my results extend uniformly to all chronic 

conditions. All I can safely claim is that my results are an indication that reviews are definitely 

less helpful in certain healthcare contexts than what might have been previously presumed.  

 A second limitation is that, although I have tried my best to rule out alternative 

explanations and ensure robustness, I cannot claim that I have eliminated all concerns 

completely. For example, I do not have the data to measure reporting bias, that is, I cannot 

account for the possibility that angrier patients are more likely to write online reviews to vent 

their frustration. Fortunately, however, I can draw some comfort from the fact that prior research 

has already examined this potential bias and found little evidence of its existence in the 

healthcare context (Gao et al. 2015). Also, as apparent from the summary statistics, the average 

rating of a physician in my sample is quite high and similar to what is reported by Gao et al. 

(2015). Therefore, a reporting bias that might depress physician ratings seems quite unlikely in 

my case. Nevertheless, till I collect additional data and empirically clear this issue, nothing 

definitive can be claimed. 

 Regarding future research, an interesting extension of the work in this chapter would be 

an examination of possible strategies which physicians can adopt to respond to online reviews. 

Given that healthcare consumers are increasingly relying on online review websites to gather 

information about physicians, both physicians and hospitals need to have a cogent strategy to 

respond to patient reviews, particularly those that they deem grossly inaccurate or misleading. 

Another question that remains unanswered is how websites, such as Vitals.com or Yelp, should 
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respond to critiques and feedback from healthcare providers in light of my finding that reviews 

are generally not indicative of actual clinical outcomes. 
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CHAPTER 4 
 

PHYSICIAN CARE-QUALITY REPORTING, TECHNOLOGY USE, AND ONLINE 

 

PATIENT PERCEPTION 

 

 

4.1 Introduction 

Making care delivery transparent to patients is critical to establishing a patient-centered 

healthcare system. However, it is not clear how increasing transparency actually impacts 

decision-making by clinicians, or whether it eventually translates to better quality care and more 

positive patient perceptions. This research investigates these questions empirically by drawing on 

several rich data sources on physician quality reporting as well as patients’ online reviews of 

their physicians.  

 With the aim of improving transparency, the Centers for Medicare and Medicaid Services 

(CMS) has been working on ways to streamline numerous quality-reporting and measurement 

programs at hospitals and group practices across the country. One of these programs is the 

Physician Quality Reporting System (PQRS), which collects data on various dimensions of care 

delivery, including prevention, care coordination, and resource utilization. This program uses 

financial incentives to encourage eligible professionals/providers (EPs) to report data on the 

quality of healthcare delivery. When the PQRS was implemented in 2006, it financially rewarded 

providers who volunteered to disclose quality information. In 2015, however, it moved from a 

voluntary program to a mandatory one, and started imposing penalties on providers who failed to 

participate. Starting in 2017, the PQRS is no longer a stand-alone program, but is now an integral 

part of the Merit-based Incentive Payment System (MIPS). Nevertheless, the penalty remains in 

force—a failure to satisfactorily report data on healthcare quality measures results in negative 
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payment adjustments via the PQRS.  For physicians who participate, the CMS uses this 

information to measure their adherence (or “performance rate” as it is commonly called) to 

clinical guidelines that are relevant to their respective specialty.  

 Besides the CMS, online reviews, social media, and online forums also play an important 

role in making patient-centered care a reality. In particular, a recent survey has found that over 

eighty percent of the respondents utilized physician review websites, often viewing or posting 

comments about their interactions with clinical staff.27  Further, over seventy percent used online 

reviews in selecting a healthcare provider, and over forty percent reported being willing to see 

out-of-network physicians if those physicians had better reviews than their in-network 

physicians. In another recent survey (Burkle and Keegan 2015), twenty-eight percent strongly 

agreed that a positive online review of a physician would cause them to seek care from that 

physician, while another twenty-seven percent indicated that a negative review would cause 

them to avoid the physician altogether. Interestingly, many physicians have also begun to 

monitor these online reviews closely, looking for ways to boost their ratings on review sites such 

as Yelp, Vitals, and RateMDs.  While some providers are using such online feedback to better 

understand their patients’ priorities (Emmert et al. 2016, Jain 2010), a few have grown wary of 

these reviews. In fact, there have been instances in which physicians have filed defamation 

lawsuits over negative patient reviews.28, 29   

                                                           
27 Accessed on 04/10/2018 from https://www.softwareadvice.com/resources/how-patients-use-

online-reviews/ 
28 Accessed on 04/10/2018 from 

http://www.oregonlive.com/today/index.ssf/2015/11/doctor_sues_patient_over_negat.html 
29 Accessed on 04/10/2018 from http://blog.ericgoldman.org/archives/2015/01/another-failed-

doctor-lawsuit-against-a-patient-for-online-reviews-brandner-v-molonguet.htm 
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 Apparently, the increasing use of online reviews among patients to rate and select 

physicians has significantly enhanced patient empowerment and patient engagement, which in 

turn, has prompted physicians to take these reviews rather seriously. Given this reality, it is 

natural to wonder whether physicians themselves can do things any differently to improve their 

online reputation. In particular, can the PQRS performance scores provide them directions on 

how to improve? Is her performance on care quality measures stipulated by the CMS positively 

associated to online reviews that she receives? Answering these questions is important, because 

the physician ought to know whether a greater level of adherence, that is, a higher performance 

score, could be her segue to a better online reputation. Answering them is also important from 

the viewpoint of the patients. As already mentioned, the popularity of online review websites has 

been steadily rising among healthcare consumers, and patients are increasingly using them to 

make decisions about which physicians to visit and which ones to avoid. However, whether 

online reviews are truly capable of informing the patients about the physician performance 

remains an open question. Although prior research has somewhat looked into this issue, till date, 

there is still no clear and definitive answer that the patients can hang their hat on.  

 A potential moderator of the relationship between physicians’ adherence to clinical 

guidelines and their online reviews is their use of electronic health records (EHR). This is 

because EHR can improve the flow of information within the provider organization as well as 

across organizations and patients, making it easier to meet the CMS-specified guidelines. The 

Health Information Technology for Economic and Clinical Health (HITECH) Act was 

introduced in 2009 to promote the adoption and meaningful use of health information technology 

(IT). As of the end of 2016, over sixty percent of all office-based physicians in the US have 
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demonstrated meaningful use of certified health IT in the CMS-sponsored EHR Incentive 

Programs.  Adoption and usage of EHRs by physicians can significantly alter the workflow of 

their daily work, including their interactions with patients, which in turn could potentially impact 

their relationship with their patients. In light of the increasing role of EHRs in physicians’ daily 

routine and work, it becomes exceedingly important to examine how the use of EHRs by 

physicians impacts their relationship with their patients, including their patients’ online opinions 

about them. 

 Although numerous studies have been conducted in the past decade on the different 

aspects of health IT, including the usage of EHRs, there is still very limited understanding on the 

relationship between physicians’ clinical-guideline adherence, use of EHRs by physicians, and 

their perception (reputation) in the online medium. To fill this gap, I create a unified framework 

to investigate the following three research questions: (1) Do physicians who adhere more closely 

to clinical guidelines receive better online reviews? (2) Do physicians who use EHR systems 

receive better online reviews? and (3) Does the use of EHR systems by a physician positively 

moderate the relationship between her adherence to clinical guidelines and the online reviews 

that she receives? To the best of my knowledge, this is one of the first studies to empirically 

address these three questions at the physician-level in a unified framework. 

 To examine these questions, I constructed a comprehensive cross-sectional dataset at the 

physician-level using data from: 1) Vitals.com, a publicly accessible health infomediary, 2) 

Physician Compare 2015 Individual Eligible Provider Public Reporting and Physician Compare 

National Downloadable File, and 3) Provider Utilization and Payment Data – Physician and 

Other Supplier Public Use File (Physician and Other Supplier PUF). I find that there is no direct 
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relationship between adherence to clinical guidelines by physicians and the online reviews that 

they receive. I also find that physicians who use EHRs tend to receive more positive online 

textual comments and higher online ratings for their staff. I did not find any moderating impact 

of the use of EHRs by physicians on the relationship between adherence to clinical guidelines by 

physicians and their online reviews. The lack of connection between physicians’ adherence to 

clinical guidelines and the online reviews that they receive can be explained by the credence 

nature of healthcare services. This aspect of healthcare services can make it difficult for patients, 

who lack the deep and broad knowledge about medical care provided by their physicians, to 

effectively evaluate the true quality of care they receive. In contrast, efficiency gains from EHR 

are evidently more tangible to patients. Taken together, online physician reviews, although 

somewhat lacking in care-quality signals, may capture benefits of technology use by physicians. 

4.2 Background 

The work in this chapter lies at the intersection of: (1) Online reviews of products and services, 

(2) Performance and quality of care provided by physicians and hospitals, (3) Adoption and use 

of health IT, particularly EHRs, and (4) Credence goods.  

4.2.1 Online Consumer Reviews 

Over the past two decades, the first stream—the economics of consumer reviews—has grown 

considerably. Conceptually, this research stream can be broken down into several sub-streams as 

shown in Figure 4.1. One sub-stream examines the supply or production of these reviews and 

addresses a wide variety of questions, such as word-of-mouth generation and social influence 

(Berger and Iyenger 2012, Dellarocas and Narayan 2006, Moe and Trusov 2011, Muchnik et al. 

2013), evolution of ratings and the number of reviews (Godes and Silva 2012), potential self-
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selection and other biases (Gao et al. 2015, Li and Hitt 2008), as well as fake reviews and 

intentional manipulation (Mayzlin et al. 2014).  

 On the other hand, the demand or consumption side (i.e., how such reviews are consumed 

in practice) has also received considerable attention. The general consensus now is that potential 

consumers read and rely on such reviews, and the product ratings in many cases do correlate 

with the actual sales (Clemons et al. 2006, Chevalier and Mayzlin 2006, Chen and Xie 2008, 

Chintagunta et al. 2010, Forman et al. 2008, Gu et al. 2012s, Sun 2012). Chevalier and Mayzlin 

(2006) also make an interesting observation that consumers actually read the review text, rather 

than relying solely on the star ratings of the reviews. Some researchers have found that negative 

reviews too can have a positive effect, particularly in raising consumer awareness of the service 

quality in the hospitality sector (Vermeulen and Seegers 2009). Further, reviewer characteristics 

matter as well; According to Forman et al. (2008), identity-relevant information about reviewers 

can shape an online community’s judgment of products and reviews. 

 Finally, researchers have also focused on the issue of perceived and actual usefulness of 

online reviews, addressing questions such as what makes them appealing to potential consumers 

(Mudambi and Schuff 2010) or whether they are indeed reliable in predicting the true quality (Lu 

and Rui 2017). 

 I contribute to this broader literature in multiple ways. First, I add to the literature on 

production of reviews by examining whether physicians who adhere to clinical guidelines and/or 

use EHR systems tend to receive better online reviews than those who do not. In other words, 

does the review production process faithfully capture what the physicians actually do? Second, I 

add to the research area on the reliability and efficacy of reviews in the healthcare context—my 
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findings can inform researchers and practitioners whether online reviews are aligned with 

objective measures, such as adherence to clinical guidelines.  

 
 

 

 

 

 

 

 

 

Figure 4.1. Research on Online Reviews 

 

4.2.2 Performance and Quality of Care 

Recent research at the interface of information systems and healthcare has focused on the 

relationship between provider performance and quality. For example, Gao et al. (2012) examined 

online ratings of physicians and reported a positive association between online ratings and 

physician quality, as measured by physician experience, board certification, education, and 

malpractice claims. In a related work, Gao et al. (2015) examined how perceived physician 

quality affects the likelihood of a physician being rated online, and conditional on getting rated, 

how perceived quality is reflected in online ratings. 

 The series of papers closest to this chapter is the one that examines the association 

between objective measures of care quality and online reviews. However, there is no clear 

consensus in this stream of work. On one hand, Gray et al. (2015) find no evidence of any 

association between physician website ratings and clinical outcomes, such as blood pressure or 
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low-density lipoprotein controlled. On the other, Lu and Rui (2017), who examined the validity 

of online (star) ratings of cardiac surgeons in the context of coronary artery bypass graft (CABG) 

surgeries, showed that patients operated by cardiac surgeons with a lower rating do exhibit a 

higher likelihood of mortality vis-à-vis those with a higher rating or no rating. Likewise, Bardach 

et al. (2012) also documented a favorable association between patient ratings on Yelp and 

clinical outcomes, such as the readmission or mortality rate.  

 Notwithstanding the papers above, there is a shortage of research on the managerial, 

economic, and behavioral antecedents of online healthcare reviews, in terms of whether medical 

guideline adherence, physician behaviors, and various clinical activities are being accurately 

captured in patient perceptions expressed within their online reviews. This is precisely why 

studies like ours are needed to advance the line of research on physician performance and care 

quality. A key difference is that I focus on individual physicians to conduct my empirical 

investigation, which makes this work different from some earlier studies that focus on hospitals 

(e.g., Bardach et al. 2012). In fact, a finer level of granularity in my datasets allows me to 

examine the potential statistical relationships that would be difficult to observe and measure with 

relatively coarse hospital-level data. 

 Moving on to research related to the PQRS, the PQRS program does offer providers an 

opportunity to assess and compare their performance vis-à-vis their peers (Koltov and Damle 

2014). However, there happens to be very limited literature on the aspects of the PQRS. It is also 

unclear whether physicians see enough merit in this program. For instance, a survey of 

physicians by Federman and Keyhani (2011) found that a majority of participating physicians 

were skeptical about the impact of the PQRS on the quality of care provided by them to their 
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patients. Of course, one explanation for this finding could be that, at the time the survey was 

conducted, Medicare was using a fee-for-service model. There has been a significant shift since 

then, towards a value-based payment model, wherein patient satisfaction ratings are taken into 

consideration in determining value-based incentives. So, the value of the PQRS program is still 

very much an open question. Further, given the faith shown by the CMS in the merits of the 

PQRS, researchers now have more confidence about the veracity of the clinical guidelines 

stipulated there. This work is one of the first to study whether adherence to these objective 

clinical guidelines actually translates to a better patient perception. This is important since 

healthcare consumers are key stakeholders, and their support and interest are essential to making 

such initiatives successful. 

4.2.3 Use of EHRs by Physicians 

Even though many studies have been conducted over the past two decades to examine various 

aspects of adoption and use of health IT (HIT) systems at the hospital level, there is still a lack of 

clear understanding on their benefits to physicians. This is partly because it has been difficult to 

obtain HIT usage data at the physician level. This lack of data availability has made it difficult to 

rigorously assess whether there is any impact of health IT use by physicians on the relationship 

with their patients. As mentioned already, there has been a significant push towards rapid 

adoption and use of health IT since the enactment of the HITECH Act. Fortunately, this has 

improved our access to data on the use of EHRs and other health IT systems by physicians.  

 Even though there has been a significant push from governmental agencies to spur 

physicians to use health IT systems (through financial incentives and penalties), there is still a 

significant level of uncertainty among physicians about whether health IT systems actually 
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improve their relationship with patients. In fact, physicians may even consider certain health IT 

systems a hindrance in their communication with patients, particularly because of extensive 

documentation requirements for data stored on electronic medical records (EMR), computerized 

physician order entry systems (CPOE), and structured physician documentation. On the other 

hand, these systems can provide several benefits to physicians, such as making comprehensive 

medical history of their patients readily available, alerting them about adverse drug effects in 

advance, and reminding them to follow-up with patients in a timely manner. All these can not 

only help physicians but also assist their staff members in building a stronger professional 

relationship with their patients. For instance, a review study (Irani et al. 2009), based on several 

articles examining the use of EHRs by physicians in the examination room and outpatient 

settings, reports evidence of a positive or neutral relationship between EHR use and patient 

satisfaction in six of the seven articles, and a negative relationship in one. In this chapter, I study 

whether there is any relationship between EHR use by physicians (eligible physicians or EPs) 

and their online reviews. In other words, I extend the existing literature on EHR use by 

physicians and their relationship with their patients to the online review setting, a phenomenon 

that is continually becoming more relevant to healthcare consumers. I also account for adherence 

to clinical guidelines by physicians, which is again an important construct to consider in the 

increasingly value-focused, patient-centered era.  

4.2.4 Credence Goods 

Research on the performance and quality of care is inherently problematic because of the 

difficulty in objectively measuring the “true” quality. This difficulty arises in part from the 

underlying complexity—healthcare happens to be a very complex combination of multiple 
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clinical steps, including, but not limited to, accurate and timely diagnosis, educating the patient 

about relevant medical conditions, carrying out the required medical procedures, following up 

with patients, and developing a comprehensive care plan. These activities can make assessment 

of the quality of care quite challenging. Further, if patients lack in-depth knowledge of the 

medical field, there would be additional information asymmetry (or bias) into their evaluation of 

the quality of care. In this regard, we can certainly classify healthcare as a credence good 

(service).  In light of this difficulty in assessing the care quality, whether opinions expressed by 

healthcare consumers (patients) in online reviews (textual comments and numeric ratings) 

adequately capture the quality of care delivered by their physicians becomes an interesting and 

non-trivial question. 

 The literature on credence goods is obviously relevant to my context. The term credence 

was originally suggested by Darby and Karni (1973) to characterize goods and services whose 

quality information is never revealed to consumers. This has numerous consequences. 

Specifically, fraud and malpractice become likely—for example, hiding the quality information 

may allow a seller to sell a credence good to consumers who would not have purchased it if they 

had full information. In the healthcare context in particular, a provider may sell to a patient the 

most profitable treatment even when cheaper alternatives are available (Dulleck and 

Kerschbamer 2006). Realizing that such inefficiencies are likely in credence goods markets, 

researchers have also investigated economic remedies, such as liability, verification, reputation, 

and competition (Dulleck et al. 2011). More recently, it has been suggested that consumer 

reviews and word-of-mouth can play a significant role in the context of professional services that 

possess many credence qualities (Gao et al. 2015). Accordingly, whether online ratings actually 
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contain information on credence qualities has also been explored (Lu and Rui 2017). My work 

complements studies in this domain by investigating if, indeed, online reviews are associated 

with physicians’ adherence rate to clinical guidelines. Furthermore, I also shed some light on 

whether the use of EHRs by physicians improves their patients’ experience. 

4.3 Research Questions 

If a physician adheres to the care guidelines provided by the CMS, it is possible that this desired 

behavior would be reflected in the online reviews of that physician. For instance, some of the 

clinical guidelines provided by the CMS are “care plan,” “pain assessment and follow-up,” and 

“documentation of current medications in the medical record.” Physician adherence to such 

clinical guidelines could potentially improve patient care outcomes, which in turn, could be 

reflected in patients’ online reviews on websites, such as Vitals.com.  At the same time, 

however, because of the credence nature of healthcare, it may be quite difficult for the patients to 

clearly assess and evaluate the performance of their physicians objectively with respect to any 

metric, let alone on clinical guideline adherence. Given this tension, it is important to ask: 

Research Question 1 (RQ1): Do physicians who adhere more closely to clinical guidelines 

receive better online reviews? 

 Using EHRs can also help clinicians, including physicians and their staff, make efficient, 

safe, and beneficial treatment decisions by providing them timely information about patient 

health. This is because EHR systems can provide in-depth information about the medical history 

of patients under treatment. This background information can improve the communication 

between clinicians and their patients (Lahiri and Seidmann 2012).  For instance, when a patient 
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goes back for a routine check-up, the physician and her staff would readily have access to the 

relevant information about that patient from his past visits—treatments, symptoms, medications, 

tests, hospitalizations, and even his family medical history. This, in turn, could save substantial 

time for the clinicians, which may otherwise have been spent trying to get the aforementioned 

information through repeated conversations with the patient or by reviewing previous 

documentation. This documentation is available in EHR systems in real time, and often in 

adequate detail. This can not only improve communication between the clinicians and patients, 

but can also alert clinicians about potential issues such as adverse drug effects. These factors can 

foster a good relationship between the clinicians who use an EHR and their patients, and might 

eventually translate to better online reviews. On the flip side, there is a concern that EHR use 

may actually increase a physician’s workload—for example, she may need extra time to 

complete documentation required by the system, which may adversely impact the time the 

physician can spend with her patients. Since it is not clear as to whether the benefits of EHR 

usage by physicians and their staff actually outweigh the downsides, I also ask the following: 

Research Question 2 (RQ2): Do physicians who use EHR systems receive better online reviews? 

 Further, EHR systems can help physicians follow clinical guidelines more closely, which 

in turn can strengthen the relationship between clinicians and their patients. For example, EHR 

systems can remind a physician and her staff to follow up with patients regularly, remind 

physicians about recommended tests, help the clinicians adhere to the care plan for their patients, 

and monitor the treatment. Hence, it is possible that EHR use by physicians could positively 

moderate the relationship between clinical adherence rate and their online reputation. The 

following question is therefore clearly relevant: 
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Research Question 3 (RQ3): Does the use of EHR systems by a physician positively moderate the 

relationship between her adherence to clinical guidelines and patient-generated online reviews? 

Figure 4.2 displays the resulting conceptual research model comprising the three research 

questions above. 

 

 

 

 

 

 

 

 

 

Figure 4.2. Conceptual Research Model 

 

4.4 Research Data and Variables 

I obtained research data from three sources: 1) Vitals.com, a public physician review platform, 2) 

Individual Eligible Provider Public Reporting and Physician Compare National Downloadable 

File (2015), and 3) Provider Utilization and Payment Data (Physician and Other Supplier Public 

Use File). The first dataset provides data on online reviews of physicians, including textual 

comments and star ratings provided by patients. I use this dataset to construct the dependent 
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using physician attributes as matching identifiers.  
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(Textual and Numeric Reviews) 

Physician Controls: 

(1) Clinical 

(2) Reviews 

 

RQ1 

RQ3 
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 The second dataset was collected from the CMS. Both of the key explanatory variables, 

EHR_use and ClinicalAdherenceRate (description given below), were constructed from this 

dataset. The third dataset was also collected from the CMS. It was prepared by the CMS to share 

information on services and procedures provided to Medicare beneficiaries by various physicians 

and other healthcare professionals. It contains information on utilization, payment (allowed 

amount and Medicare payment), and submitted charges, organized by National Provider 

Identifier (NPI), Healthcare Common Procedure Coding System (HCPCS) code, and the location 

of service. The details are based upon the CMS administrative claims data for Medicare 

beneficiaries. This dataset also includes provider demographics (name, credentials, gender, 

complete address, and entity type.  

4.4.1 Dependent Variables 

The main dependent variables are SentimentScore, OverallRating, PhysicianRating and 

StaffRating. These are constructed based on the data collected from Vitals.com, where a patient 

assigns a star rating, on a 5-point scale, to his physician for several categories, in addition to 

writing a textual review. OverallRating is the average of the star ratings received by a physician, 

and SentimentScore is the average of the sentiment scores derived from textual reviews.  

To construct the variable, OverallRating, I proceed as follows: I first averaged all patient 

ratings corresponding to a review, across all the categories: ease of scheduling appointments, 

promptness, friendliness of staff, accurate diagnosis, bedside manners, the time spent with 

patients, and appropriate follow-ups. The OverallRating of a physician is then the average of this 

category average across all her reviews. The construction of the variables PhysicianRating and 

StaffRating is similar to that of OverallRating, except that for PhysicianRating, I use only four of 
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the seven categories (accurate diagnosis, bedside manners, the time spent with patients, and 

appropriate follow-ups) while I use the remaining three (ease of scheduling appointments, 

promptness and friendliness of staff) for StaffRating. 

 To construct SentimentScore, I employed sentiment analysis. Sentiment analysis analyzes 

peoples’ opinions, sentiments, evaluations, attitudes, and emotions from written language (Liu 

2012). This technique classifies the valence of each sentiment word in a review into four 

sentiment categories: very positive, positive, negative, and very negative, based on the 

vocabulary provided by Nielsen (2011). Then, an aggregation across all sentiment words within 

a review yields the sentiment score of the review. 30  The SentimentScore for a physician is then 

the average of the sentiment score across all her reviews. 

 Besides the aforementioned four review variables, I also use the individual components 

of PhysicianRating and StaffRating as dependent variables. These seven dependent variables are: 

DiagnosisRating (accurate diagnosis by the physician), FollowupRating (appropriate/timely 

follow-ups by the physician), SpendsTimeRating (time spent by the physician with a patient), 

BedsideMannersRating (bedside manners of the physician), StaffCourtesyRating (friendliness of 

the staff), PromptnessRating (staff promptness) and AppointmentEaseRating (ease of scheduling 

appointments). Treating these seven individual dimensions separately allows me to probe deeper 

into the possible relationship between adherence to clinical guidelines and the use of EHR 

systems by physicians and their online reviews. 

                                                           
30 Sentiment score of a review = 2 × 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑣𝑒𝑟𝑦 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑤𝑜𝑟𝑑𝑠 + 1 × 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 

𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑤𝑜𝑟𝑑𝑠 – 1 × 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑤𝑜𝑟𝑑𝑠 – 2 × 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓𝑣𝑒𝑟𝑦 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑤𝑜𝑟𝑑𝑠 



 

106 

4.4.2 Key Explanatory Variables 

EHR_use takes a value of one for physicians who successfully participate in the EHR Incentive 

Program, and zero otherwise. ClinicalAdherenceRate is the average of the performance scores 

(out of 100) for the clinical guideline measures reported by a given physician in the PQRS. 

These performance scores are assigned by the CMS to clinicians, and they are based on the 

information reported by eligible physicians participating in the PQRS. 

4.4.3 Control variables 

Below, I first describe what I call clinical controls, and then I discuss controls related to online 

review characteristics.  

Clinical Controls 

For each physician, ClinicalAdherenceMeasureCount is the number of clinical guideline 

measures that the physician reports to the CMS. NumPatientsClinicAdherenceMeasure is the size 

of the patient population that forms the basis for the numbers reported by the physician. 

GraduationYear indicates the year of her graduation from the medical school. GenderFemale 

equals 0 if the physician is male, and 1 otherwise. NumHCPCS is the total number of unique 

HCPCS (Healthcare Common Procedure Coding System) codes. NumServices denotes the 

number of services provided by her. NumMedicareBeneficiaries is the number of Medicare 

beneficiaries receiving her services. BeneficiaryAvgAge is the average age of the beneficiaries, as 

determined at the end of the calendar year or at the time of death. BeneficiaryAvgRiskScore is the 

average hierarchical condition category (HCC) risk score of the beneficiaries; according to the 

CMS scale, the average risk score is set at 1.08, and beneficiaries with scores greater than 1.08 

are expected to have above-average spending. The risk scores are based on the beneficiary’s age 



 

107 

and sex, whether the beneficiary is eligible for Medicaid, whether the beneficiary first qualified 

for Medicare on the basis of disability, whether the beneficiary lives in a nursing home, and the 

beneficiary’s diagnoses from the previous year.  

Review Controls 

ReviewWordsNum represents the average length of all reviews available for the physician. This 

explanatory variable allows me to differentiate between reviews that might have the same 

SentimentScore but differ in terms of their depth (Mudambi and Schuff 2010). For instance, a 

review with ten positive terms, six negative terms, and a very negative term will have the same 

SentimentScore as a review with only two positive terms, but the former review is surely more 

detailed in terms of sentiment content than the latter. Further, to incorporate the possibility that 

textual content with high levels of negative word-of-mouth may coexist with high levels of 

positive word-of-mouth (East et al. 2007), I construct SentimentVariance. This variable is the 

average of the sentiment variance across all reviews of a physician.   

 The textual content in each review can be summarized by one or multiple latent 

topics/themes. The latent topics in a review capture the gist of the textual content in a review. To 

identify the topics, I conduct fine-grained textual analyses of the online reviews using a Latent 

Dirichlet Allocation (LDA) method (Blei et al. 2003, Tirunillai and Tellis 2014). I construct four 

latent topics to represent the most dominant theme in each review, as shown in Table 4.1, based 

on which I then construct the necessary control variables.  
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Table 4.1. Latent Topics based on Closest Tokens 

 Labels for the top topic 

S.No.  Surgery  Physician  Promptness  OverallCare  

1  surgeri  doctor  offic  staff  

2  pain  patient  call  care  

3  life  time  wait  recommend  

4  back  year  appoint  great  

5  year  good  time  feel  

6  procedur  care  nurs  alway  

7  sever  medic  back  question  

8  work  problem  anoth  friend  

9  result  ever  hour  high  

10  right  know  rude  concern  

 

For a given physician, the control variable TopicSurgery represents the proportion of her 

reviews for which the most prominent latent theme is the surgical and procedural competence of 

her service. TopicOverallCare is the proportion of her reviews where the most prominent 

underlying theme is the overall care provided by her and her staff. TopicPromptness is the 

proportion of reviews where the most dominant theme is promptness of the staff in the 

physician’s office (wait times, appointment-scheduling experience, etc.). The baseline variable 

against which these three variables are interpreted is TopicPhysician. TopicPhysician is 

essentially the proportion of reviews where the most prominent theme is the physician herself 

(for example, the time spent by the physician, the treatment offered by the physician, listening 

skills of the physician). All variables—dependent as well as explanatory—are summarized in 

Table 4.2. 

4.5 Empirical Model and Results 

The base empirical regression specifications are: 

𝑂𝑛𝑙𝑖𝑛𝑒𝑃𝑒𝑟𝑐𝑒𝑝𝑡𝑖𝑜𝑛𝑖 =  𝐸𝐻𝑅_𝑢𝑠𝑒𝑖 + 𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙𝐴𝑑ℎ𝑒𝑟𝑒𝑛𝑐𝑒𝑅𝑎𝑡𝑒𝑖 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖 + 휀𝑖           (4.1) 
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𝑂𝑛𝑙𝑖𝑛𝑒𝑃𝑒𝑟𝑐𝑒𝑝𝑡𝑖𝑜𝑛𝑖 =  𝐸𝐻𝑅_𝑢𝑠𝑒𝑖 + 𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙𝐴𝑑ℎ𝑒𝑟𝑒𝑛𝑐𝑒𝑅𝑎𝑡𝑒𝑖 + 

                                            𝐸𝐻𝑅_𝑢𝑠𝑒𝑖 × 𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙𝐴𝑑ℎ𝑒𝑟𝑒𝑛𝑐𝑒𝑅𝑎𝑡𝑒𝑖 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖 + 휀𝑖           (4.2)  

Table 4.2. Descriptive Statistics 

 Variable Type Variable Mean Median Std. Dev. Min Max 

Aggregated 

Dependent 

Variables 

SentimentScore 1.82 2.00 2.51 -8 12 

OverallRating 3.91 4.16 1.10 1 5 

PhysicianRating 3.91 4.24 1.19 1 5 

StaffRating 3.98 4.19 1.03 1 5 

Individual 

Physician-level 

Dependent 

Variables 

DiagnosisRating 4.04 4.50 1.18 1 5 

FollowupRating 3.74 4.00 1.32 1 5 

SpendsTimeRating 3.93 4.33 1.24 1 5 

BedsideMannersRating 3.97 4.40 1.22 1 5 

Individual 

Physician-level 

Staff Variables 

StaffCourtesyRating 4.01 4.33 1.13 1 5 

PromptnessRating 3.86 4.00 1.12 1 5 

AppointmentEaseRating 4.08 4.40 1.05 1 5 

Key 

Explanatory 

Variables 

EHR_use 0.50 0.00 0.50 0 1 

ClinicalAdherenceRate 82.57 91.92 21.82 0 100 

Clinical 

Controls 

ClinicalAdherenceMeasureCount 2.81 2.00 1.95 1 14 

NumPatientsClinicAdherenceMeasure 273.66 144.50 363.27 20 4043 

GraduationYear 1990.3 1991 9.89 1958 2015 

GenderFemale 0.18 0.00 0.39 0 1 

NumHCPCS 58.89 50.00 38.88 1 302 

NumServices 5929.3 2600.00 14894.40 40 324291 

NumMedicareBeneficiaries 687.47 494.00 684.87 24 5931 

BeneficiaryAvgAge 72.17 73.00 3.32 53 83 

BeneficiaryAvgRiskScore 1.60 1.42 0.67 0.59 6 

Review 

Controls 

SentimentVariation 0.16 0.14 0.11 0 0.8 

NumberOfWords 57.96 50.33 46.56 1 722 

TopicPhysician 0.24 0.13 0.3 0 1 

TopicSurgery 0.24 0.13 0.31 0 1 

TopicOverallCare 0.26 0.14 0.32 0 1 

TopicPromptness 0.26 0.15 0.32 0 1 

 

 In (4.1) and (4.2), the dependent variable OnlinePerceptioni represents either of the 

following for physician i: SentimentScore, OverallRating, PhysicianRating, StaffRating, 
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DiagnosisRating, FollowupRating, SpendsTimeRating, BedsideMannersRating, 

StaffCourtesyRating, PromptnessRating, or AppointmentEaseRating. EHR_usei equals one for 

physician i if she successfully participated in the EHR Incentive Program, and zero if she did not. 

ClinicalAdherenceRate is the average of the performance scores (out of 100) over all measures 

reported by physician i. EHR_use × ClinicalAdherenceRate is the interaction between EHR_use 

and ClinicalAdherenceRate, and it captures the possible moderating effect. Controls represents 

the clinical and review controls for each physician, and ε is the idiosyncratic error.  

 Table 4.3 provides the results from the OLS estimation with SentimentScore and 

OverallRating as the dependent variables. Table 4.4 lists the results with PhysicianRating, 

StaffRating, DiagnosisRating, FollowupRating, SpendsTimeRating, BedsideMannersRating, 

StaffCourtesyRating, PromptnessRating, and AppointmentEaseRating as the dependent variables. 

For brevity, I have only included the main results (coefficients and the corresponding errors of 

key explanatory variables) in Table 4.4.  

 Recall that, to test for the possible moderating effect of EHR use by physicians on the 

relationship between their adherence to clinical guidelines and the valence of their online 

reviews, I added the interaction term (EHR_use × ClinicalAdherenceRate) in (4.2). To mitigate 

multi-collinearity concerns between ClinicalAdherenceRate and this interaction term and 

facilitate further interpretation, I use mean-centered values of ClinicalAdherenceRate for the 

specification in (4.2).  

 

 

 



 

111 

Table 4.3. OLS Estimation of Online Perceptions of Physicians 

  
SentimentScore OverallRating 

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

Intercept -22.549 (17.391) -21.262 (17.292) -2.315 (6.785) -1.974 (6.745) 

EHR_use 0.322* (0.157) 0.321* (0.156) 0.114+ (0.065) 0.114+ (0.065) 

ClinicalAdherenceRate 0.004 (0.004) 0.004 (0.105) 0.004* (0.002) 0.103* (0.050) 

EHR_use × ClinicalAdherenceRate   0.210 (0.169)   -0.013 (0.078) 

ClinicalAdherenceMeasureCount 0.037 (0.043) 0.032 (0.043) 0.029 (0.018) 0.029 (0.018) 

NumPatientsClinicAdherenceMeasure -0.000 (0.000) -0.000 (0.000) -0.000 (0.000) -0.000 (0.000) 

GraduationYear 0.010 (0.009) 0.010 (0.009) 0.003 (0.003) 0.003 (0.003) 

GenderFemale 0.029 (0.196) 0.034 (0.195) -0.042 (0.082) -0.042 (0.082) 

NumHCPCS 0.003 (0.002) 0.003 (0.002) 0.002 (0.001) 0.002 (0.001) 

NumServices -0.000 (0.000) -0.000 (0.000) -0.000 (0.000) -0.000 (0.000) 

NumMedicareBeneficiaries -0.000 (0.000) -0.000 (0.000) -0.000 (0.000) -0.000 (0.000) 

BeneficiaryAvgAge 0.033 (0.022) 0.033 (0.022) 0.002 (0.009) 0.002 (0.009) 

BeneficiaryAvgRiskScore 0.055 (0.141) 0.040 (0.141) 0.024 (0.057) 0.025 (0.058) 

SentimentVariance 5.646*** (1.209) 5.614*** (1.208) 0.723 (0.460) 0.725 (0.460) 

ReviewWordsNum 0.009*** (0.003) 0.009*** (0.003) -0.002** (0.001) -0.002** (0.001) 

TopicSurgery -1.323*** (0.390) -1.301*** (0.389) -0.334* (0.167) -0.335* (0.167) 

TopicOverallCare 1.647*** (0.310) 1.651*** (0.310) 0.562*** (0.136) 0.562*** (0.136) 

TopicPromptness -3.060*** (0.372) -3.042*** (0.371) -1.691*** (0.172) -1.692*** (0.172) 

R-squared 0.2895 0.2910 0.3870 0.3871 

Adj. R-squared 0.2749 0.2755 0.3733 0.3725 

No. of Physicians 797 797 734 734 

p<0.1+, p< 0.05*, p<0.01**, p<0.001***, heteroscedasticity-consistent standard errors within parentheses 

 

 The results in Table 4.3 and 4.4 suggest that physicians who use EHRs tend to receive 

more positive textual comments, higher overall ratings, and higher ratings on the following 

categories: time spent by the physician, bedside manners, and staff friendliness. Further, 

physicians who perform better on adherence measures tend to receive a higher overall rating, 

physician rating, as well as better ratings in the following categories: diagnosis accuracy, timely 

follow-up, bedside manners, and staff promptness.  

 As it turns out, the use of EHR by a physician does not have a significant moderating 

effect on the relationship between her adherence to clinical guidelines and her online reviews. 
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Looking at the associations between the key explanatory variables and dependent variables in 

Tables 4.3 and 4.4 comprehensively, I find some evidence of statistically significant relationship 

between EHR use by physicians and their online reviews, and between adherence to clinical 

guidelines by physicians and their online reviews. 

Table 4.4. OLS Estimation (Breakdown of Online Perception of Physicians) 

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

  PhysicianRating StaffRating 

EHR_use 0.099 (0.073) 0.099 (0.074) 0.094 (0.063) 0.095 (0.063) 

ClinicalAdherenceRate 0.108* (0.043) 0.112* (0.056) 0.066+ (0.035) 0.068 (0.047) 

EHR_use * ClinicalAdherenceRate   -0.008 (0.088)   -0.004 (0.069) 

     
 

  

 Individual Physician Dimensions Individual Staff Dimensions 

  DiagnosisRating StaffCourtesyRating 

EHR_use 0.072 (0.075) 0.072 (0.076) 0.187** (0.069) 0.185** (0.070) 

ClinicalAdherenceRate 0.131** (0.045) 0.124* (0.056) 0.064 (0.04) 0.034 (0.052) 

EHR_use * ClinicalAdherenceRate   0.017 (0.091)   0.071 (0.077) 

     
 

  

  FollowupRating PromptnessRating 

EHR_use 0.126 (0.084) 0.126 (0.085) 0.069 (0.071) 0.072 (0.072) 

ClinicalAdherenceRate 0.095* (0.048) 0.108+ (0.062) 0.072+ (0.039) 0.107* (0.052) 

EHR_use * ClinicalAdherenceRate   -0.030 (0.095)   -0.084 (0.077) 

     
 

  

  SpendsTimeRating AppointmentEaseRating 

EHR_use 0.137+ (0.079) 0.137+ (0.080) 0.022 (0.068) 0.022 (0.068) 

ClinicalAdherenceRate 0.095* (0.047) 0.088 (0.062) 0.061 (0.038) 0.056 (0.050) 

EHR_use * ClinicalAdherenceRate   0.016 (0.094)   0.011 (0.073) 

     
 

  

  BedsideMannersRating   

EHR_use 0.131+ (0.077) 0.131+ (0.077)     

ClinicalAdherenceRate 0.101* (0.044) 0.097+ (0.057) 
 

  

EHR_use * ClinicalAdherenceRate   0.010 (0.090)     

p<0.1+, p< 0.05*, p<0.01**, p<0.001***, heteroscedasticity-consistent standard errors within parentheses 

 

 Specifically, I find that EHR use is associated with greater staff courtesy ratings, while 

adherence to clinical guidelines is associated with greater physician ratings, especially on the 
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individual dimensions of physician diagnosis, follow-up, time spent with patient, and bedside 

manners. I posit that the positive relationship between EHR use and staff ratings can be 

attributed to the use of EHRs to improve patient scheduling, documentation, and ease of access 

to patient information. 

4.6 Accounting for Omitted Variable Bias 

There may be some unobserved physician attributes driving both ClinicalAdherenceRate and 

OnlinePerception. To account for the possible bias due to such omitted variables, I construct an 

instrument variable (IV) named PeerClinicalAdherenceRate, the average rate of clinical 

adherence by the physician’s peers. A physician’s peer is a physician who provides service in the 

same hospital where the focal physician practices. PeerClinicalAdherenceRate was constructed 

by matching the associated hospitals using their CMS Certification Number. The rationale for 

this instrument variable is that the performance of a physician on clinical adherence guidelines is 

likely to be associated with the performance of her peers; however, the online reviews that she 

receives are unlikely to be systematically determined by the performances of her peers. I also 

create an IV for the interaction term between EHR_use and ClinicalAdherenceRate. This IV is 

essentially the interaction between EHR_use and PeerClinicalAdherenceRate. I did not construct 

an instrument for EHR_use, the rationale being that the use of EHR of systems by a physician is 

typically mandated by the hospital that she is associated with. This would make the variable 

EHR_use exogenous. From the first stage regression specifications, I found that the 

aforementioned IVs are quite strong for their respective endogenous variables. I list the results 

from the second stage of the 2SLS specifications in Table 4.5. For brevity, I have only included 

the coefficients and the corresponding errors of the key explanatory variables in Table 4.5. 
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As can be observed from Table 4.5, there is no longer a statistically significant 

relationship between ClinicalAdherenceRate and OnlinePerception. This implies that, even if a 

physician adheres closely to her respective clinical guidelines, it is not likely that she will receive 

better online reviews compared to other physicians. Overall, EHR use is somewhat more 

effective from the viewpoint of a physician seeking to improve her online perception, as 

evidenced by the marginally significant coefficients of EHR_use in Table 4.5. From the patient’s 

viewpoint, the credence nature of healthcare services likely obfuscates the true care quality and 

important care delivery aspects such as adherence, making online reviews far less informative 

than usually presumed. However, efficiency improvements may be visible even when 

improvements in care quality are not, making EHR use a positive contributor to patient 

satisfaction. 

4.7 Conclusion 

The healthcare landscape has been steadily moving towards value-based payments, a greater 

adoption and use of health IT systems, and patient-centered care. This phenomenon has put the 

issue of transparency of care delivered by physicians under a renewed focus. A phenomenon 

intimately related to patient-centered care is the rising popularity of online platforms that make 

detailed reviews of physicians available to healthcare consumers. In this chapter, I examine 

whether adherence to clinical guidelines and the use of EHRs by physicians have any 

relationship with the online reviews that they receive. The unified research framework used here 

contributes to the current literature on health IT systems, physician performance, healthcare 

quality, and patient perception in online social media.  
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Table 4.5. 2SLS Estimation (Second Stage) 

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

  SentimentScore OverallRating 

EHR_use 0.365* (0.183) 0.411* (0.191) 0.104 (0.077) 0.106 (0.077) 

ClinicalAdherenceRate 0.246 (0.620) -0.278 (0.778) 0.052 (0.196) -0.016 (0.248) 

EHR_use * ClinicalAdherenceRate   1.586 (1.280)   0.190 (0.392) 

  
 

  
 

  

  PhysicianRating StaffRating 

EHR_use 0.108 (0.085) 0.114 (0.085) 0.065 (0.073) 0.066 (0.074) 

ClinicalAdherenceRate 0.119 (0.216) -0.013 (0.275) 0.040 (0.207) 0.085 (0.253) 

EHR_use * ClinicalAdherenceRate   0.370 (0.434)   -0.142 (0.417) 

  
 

  
 

  

 Individual Physician Dimensions Individual Staff Dimensions 

  DiagnosisRating StaffCourtesyRating 

EHR_use 0.073 (0.087) 0.075 (0.086) 0.147+ (0.081) 0.147+ (0.081) 

ClinicalAdherenceRate 0.202 (0.237) 0.140 (0.282) -0.022 (0.235) -0.065 (0.272) 

EHR_use * ClinicalAdherenceRate   0.184 (0.489)   0.146 (0.516) 

  
 

  
 

  

  FollowupRating PromptnessRating 

EHR_use 0.144 (0.098) 0.154 (0.100) 0.060 (0.082) 0.061 (0.086) 

ClinicalAdherenceRate -0.005 (0.232) -0.182 (0.308) -0.002 (0.234) 0.165 (0.268) 

EHR_use * ClinicalAdherenceRate   0.490 (0.457)   -0.566 (0.522) 

  
 

  
 

  

  SpendsTimeRating AppointmentEaseRating 

EHR_use 0.152+ (0.092) 0.160+ (0.093) -0.013 (0.078) -0.013 (0.078) 

ClinicalAdherenceRate 0.107 (0.245) -0.040 (0.305) 0.051 (0.237) 0.034 (0.301) 

EHR_use * ClinicalAdherenceRate   0.418 (0.510)   0.053 (0.453) 

  
 

  
 

  

  BedsideMannersRating   

EHR_use 0.158+ (0.088) 0.168+ (0.090)     

ClinicalAdherenceRate 0.180 (0.226) -0.009 (0.288) 
 

  

EHR_use * ClinicalAdherenceRate   0.528 (0.457)     

p<0.1+, p< 0.05*, p<0.01**, p<0.001***, heteroscedasticity-consistent standard errors within parentheses 

 

 A key finding (in Table 4.5) is that there is no direct relationship between adherence to 

clinical guidelines by physicians and their online reviews. This reflects the credence nature of 

healthcare services—it is often difficult for the healthcare consumers to objectively evaluate the 

quality of service they are receiving. Adherence to clinical guidelines stipulated in the PQRS 
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program is an important dimension of the quality of care delivered by the physicians, especially 

in the current value-based payment era. However, it is unlikely that patients are able to observe 

or comprehend the actions of physicians with respect to adherence, let alone evaluate the benefits 

accrued therefrom. This finding is in stark contrast to what has generally been found in the 

context of non-healthcare services and products (such as books, movies, or music) and their 

online reviews. 

 I do find a positive relationship between the use of EHRs by physicians and certain 

dimensions of online reviews. This finding is a reminder that, while patients may be unable to 

evaluate a physician’s clinical competence and the quality of care delivered by her, they may still 

be able to observe some efficiency improvements. For example, to the extent EHR use allows a 

physician to spend more time with her patients and provide efficient appointment scheduling or 

ease of access to their health data, patients might reciprocate by writing better online reviews. 

Nevertheless, I do not find any moderating influence of EHRs on the relationship between 

clinical guideline adherence by physicians and their online reviews, further reinforcing the 

notion that the quality of care is not as easy to assess as are the efficiency improvements. 

The implication of the findings above is simply that we must not overly rely on consumer 

reviews to ensure a smooth transition to patient-centered care and efficient healthcare 

marketplaces. Rather, policy makers must be active in sharing any information that they possess, 

for example, the PQRS data, to the general public. Perhaps, policy makers can also make some 

visualization tools available, since raw data might not appeal to consumers who are so used to 

intuitive star ratings. If my study is any indication, additional care quality data will nicely 

supplement what healthcare consumers can glean from existing online reviews. Bridging the 



 

117 

information gap is, in fact, critical to ensuring transparency and preventing patients from 

choosing physicians based on incomplete information, and doing so might also bring some 

comfort to physicians who have grown wary over the proliferation of online review sites. 

 One limitation of the research done in this chapter is that even though participation in the 

PQRS program is now mandatory and carries a penalty for not participating, a significant 

number of providers are not yet participating in the PQRS program. I need to account for the 

possible self-selection bias that may result from this. In future research, I intend to conduct 

additional robustness checks to also account for possible manipulations of online reviews. 

Nevertheless, the work done in this chapter represents one of the first attempts to study the 

antecedents of online reviews with respect to the role of EHR use and adherence to clinical 

guidelines.  
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CHAPTER 5 

 

CONCLUSION 

 

 

In this dissertation, I examine questions related to implications of information technology on the 

healthcare industry. In the one essay, I focus on health IT and providers. In the other two, I 

primarily focus on social media and healthcare consumers. The results have implications for 

providers, payers, healthcare consumers, and policy makers. 

In Chapter 2, I study the association between health IT usage and reimbursements 

received by the providers. My analysis is novel in two ways: first, it is among the first to look at 

reimbursements in a comprehensive way, and second, it studies the relationship between health 

IT and reimbursements from both the efficiency and effectiveness angles. I find some evidence 

of a positive association, that is, a greater use of health IT in hospitals goes hand in hand with 

larger reimbursements from Medicare. Further, my results support the efficiency argument, 

which is that health IT streamlines various processes, particularly the claims process, facilitating 

higher reimbursements. However, I do not find any support for the effectiveness argument, that 

is, I do not find any evidence that this improvement is driven by care quality improvements 

brought about by health IT. In short, health IT can provide financial rewards, even if its ability to 

deliver higher reimbursements through care-quality improvements is limited. Hospitals should 

accordingly consider investing in health IT. Of course, the relationship between health IT 

reimbursements is dynamic, and can change in future when the payment model changes fully 

from a fee-for-service system to a value-based system. Further research will be critical to 

understanding the evolution of this relationship and the benefits of health IT in general. 
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In Chapter 3, I delve into the issue of efficacy of online physician reviews, which has 

grown steadily in popularity over the past few years. Specifically, I ask whether such reviews 

can aptly reflect the quality of care provided by physicians treating chronic care patients. This is 

an important question, since chronic care is highly credence in nature and patients are unlikely to 

be capable of discerning the true performance of their physicians. Although prior research has 

examined a similar question in the context of surgeries, it is not obvious that the results there 

extend to chronic care. The outcome of a surgery is observable at least partly, and as a result, a 

patient who recovers fully or fails to recover as expected is capable of assessing the physician’s 

performance. The same is unlikely in the case of chronic care, as chronic care treatments are 

prolonged and involve a number of interactions with a number of physicians. I use the likelihood 

of a patient getting readmitted or ending up in an ER following a visit to a physician’s office to 

assess the physician’s performance, and study how these clinical outcomes are related to online 

reviews. I find that neither the sentiment expressed in textual reviews nor the star ratings can 

indicate the future performance of a physician. In other words, reviews of chronic care 

physicians cannot point patients to physicians who are likely to provide better clinical outcomes. 

This has not only implications for patients overly relying on such reviews, but also for policy 

makers. If policy makers are truly interested in bringing transparency in the chronic care market, 

they should make information on actual clinical outcomes available to patients, instead of simply 

relying on social media. Also, hospitals and clinics now relying on reviews to incentivize 

physicians in any manner should be extremely careful, as my results suggest that the reviews are 

not at all indicative of their abilities to deliver better clinical outcomes. 
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Finally, in Chapter 4, I examine what online physician reviews actually reflect. Do they 

reflect care quality, in particular clinical activities of a physician such as her adherence to well-

accepted clinical guidelines? Do they reflect improvements in care delivery processes, such as 

shorter wait times or a higher promptness brought about by an increased use of technology? 

Consistent with the findings of Chapter 3, I again find that credence nature of healthcare services 

can obfuscate the true quality—my analysis fails to find any significant relationship between 

reviews written by patients and a physician’s adherence score. This is true for both sentiments in 

textual reviews as well as the various star ratings. Interestingly, however, I find that some of the 

efficiency gains from technology use are indeed captured by the reviews, and that the use of 

electronic health records is in fact associated with a higher online reputation. This is instructive. 

First, online reviews, although deficient in signals of care quality, are somewhat useful in 

capturing certain tangible aspects of the service, and consumers should accordingly use them 

with appropriate caution. Second, a physician interested in boosting online reputation should 

perhaps focus on increasing her technology usage and streamlining her services, instead of 

single-mindedly focusing on care-quality improvements. Although care-quality improvements 

might help her meet benchmarks set forth by the government or other payers, they by themselves 

may not be sufficient to improve online reputation. 

All in all, my results show that healthcare is a very unique industry. Although technology 

offers benefits even in the healthcare context, a careful analysis is needed to understand the exact 

nature of those benefits. For example, without careful analyses, one might overestimate the 

benefits of online reviews—as my analyses demonstrate, such reviews are likely far less useful 

in the healthcare context than in other contexts such as hotels or restaurants. Likewise, I find the 
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benefits of health IT usage to be somewhat limited in nature—mostly confined to the efficiency 

side and little in terms of effectiveness—again underscoring the need for a careful evaluation. In 

the future, as the adoption of health IT increases and the use of social media proliferates, I plan 

to collect additional datasets not only to reexamine many of these issues but to also address 

related issues involving effective use of technology as well as antecedents and consumption of 

online user-generated content.   
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