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Abstract

We show that review platforms reduce healthcare interruptions for patients looking for
a new physician. We employ a difference-in-differences strategy using physician
retirements as a “disruptive shock” that forces patients to find a new physician. We
combine insurance claims data with web-scraped physician reviews and highlight a
substantial care-gap resulting from a physician’s retirement. We then show that online
physician reviews reduce this gap and help patients find a new physician faster. Our
results are robust to including a variety of controls and various instruments for the
availability of physician reviews, but are not found for patients of nonretiring
physicians. By reducing interruptions in care, reviews can improve clinical outcomes
and lower costs.

Keywords: Healthcare, Online physician ratings, Online physician reviews, Care-gap.

Introduction

Finding good health-care providers is not easy, because health-care services are credence goods (Darby
and Karni, 1973). Patients traditionally lack objective information about the quality of physicians. Many
patients rely therefore on word-of-mouth recommendations from friends and relatives (Tu and Lauer,
2008) when selecting new primary care physicians, and even physicians rely on their inside information

Forty-Third International Conference on Information Systems, Copenhagen 2022
1



Healthy reviews!- Online physician ratings reduce healthcare interruptions

for referrals (Hackl et al., 2015). The lack of information is especially problematic for patients who need to
choose a new provider because they changed insurance plans, their residence, or experience other life
changes. Such patients might delay a visit to seek care and treatment, which can result in suboptimal
health outcomes (Barach et al., 2020). The retirement of a primary care physician decreases their
patients’ future primary care utilization, and increases specialty care, emergent care, and charges (Sabety
et al., 2021).

In this paper, we show that health-related online reviews help patients to overcome the friction associated
with choosing a new physician. We analyze patient behavior and document a substantial care-gap - a delay
in finding care - before patients visit a new physician. We further show that online physician reviews
shorten this care-gap and help patients to find new physicians faster. We leverage the retirement of
physicians as a “disruptive shock” that induces a patient to search for a new physician. We analyze the
time lapse until patients visit a new physician after their physician has retired. We identify the effect of
reviews using a difference-in-differences (DiD) strategy. In this strategy, we compare cities with a large
accumulation of online reviews to cities with very few online reviews.

We conduct our analysis by augmenting a unique data set on individual-level patient claims with
information from a major review platform for physicians (yelp.com). The combined database is ideally
suited for studying our key research question. The medical claims data covers the entire population of
patients associated with the included insurance carriers (over 55 million unique individuals). Through the
pattern of insurance claims we can track whether patients experience an interruption to their care after
their physician’s retirement. The data about online reviews indicates the availability of information about
physicians in a patient’s city, and how that availability changes over time.

The empirical challenge when measuring the effect of reviews on patient behavior is that it is difficult for a
researcher to observe when patients want to find a new physician. Most patients typically have stable
relationships with their physicians, making a patient searching for a new physician a low-frequency event.
Focusing on patients of retiring physicians allows overcoming this challenge: First, the retirement of a
physician requires patients to search for a new physician. Second, researchers can observe retirements.
Our strategy focuses on a specific type of interruption, but we expect other major life changes of patients
to induce similar interruptions.

We document two main findings. First, physician retirements cause disruptions in care. Specifically,
physician retirements increase the gap between two visits by more than 140 days on average. Second, this
gap is shorter when online reviews are available. In particular, the gap in time between two visits is 30.7
days shorter on average in the presence of online reviews, and patients are 7 percentage points more likely
to visit a new physician within 15 months of their current physician retiring.

We demonstrate the robustness of our findings by showing that the effect becomes insignificant for
patients of nonretiring physicians, highlighting that no shifts in underlying trends occurred in the
pretrend analysis and by controlling for various alternative and potentially omitted variables (including
income, education, broadband availability, and the number of physicians in the county). Moreover, we
apply an instrumental variable (IV) strategy that exploits reviews in the same city for other professions to
rule out the possibility that the effect is driven by physician-specific technology adoption.

Our results have several implications for research and policy. Review platforms appear to have a decisive
impact on patients’ health-related decision making when patients lose their physician. Alas, health related
online reviews are scattered across various platforms in the United States and are often completely absent
in many other countries. Our results suggest that insurers and public health organizations can motivate
patients to receive more continuous care when their relationships get disrupted. Scaling online review
platforms could be a way to reduce disruptions in care, which can have severe negative effects on a variety
of clinical outcomes (Barach et al., 2020). Moreover, high quality online reviews promise to be a cost-
effective measure to improve access to care since review content is user generated and can be made widely
available at low cost. Lastly, we demonstrate that it is feasible to identify a precise mechanism through
which online reviews affect patient outcomes, and future research can build on this step to quantify the
link between online reviews and clinical outcomes.
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Literature review and study contributions

By highlighting the care-gap after physician retirements and showing that reviews quicken the process in
which patients choose a new physician we make several contributions.

Online and medical reviews. We contribute to the literature that has shown how online reviews affect the
behavior of individuals and firms (Chevalier and Mayzlin, 2006; Duan et al., 2008; Forman et al., 2008;
Cabral and Hortacsu, 2010; Luca, 2011; Helmers et al., 2019; Reimers and Waldfogel, forthcoming). They
achieve this effect by conveying accurate information on the quality of goods or services and informing
consumer choices (Hu et al., 2006; Lu and Rui, 2018; Yin et al., 2016; Howard et al., 2017; Sahoo et al.,
2018; Choi et al., 2019). Our paper contributes by highlighting the ability of online reviews to increase
overall economic efficiency in health care.

We also contribute to the literature on how online health-related information can affect patient choices
and health outcomes (Billari et al., 2019; Amaral-Garcia et al., forthcoming). A series of papers have
highlighted the correlation between physician reviews and physician quality and have shown that
physician demand is affected by online reviews, which can induce congestion, concentration and —
ultimately - inefficient allocation of patients (Greaves et al., 2012; Gao et al., 2012; Emmert and Meier,
2013; Lu and Rui, 2018; Saifee et al., 2020; Chen and Lee, 2021; Luca and Vats, 2014; Lu and Wu, 2019;
Kaye, 2020; Bensnes and Huitfeldt, 2021; Chen and Lee, 2021; Xu et al., 2021). Shukla et al. (2021) have
shown that online health reviews reduce patients’ search cost and influence their choices. Our findings
expand beyond prior knowledge, because we highlight that reviews do not only influence which physicians
are chosen, but they also help patients to choose any physician and to make their choice faster.

Background: physician reviews in the US

On Physician review sites. Patients increasingly rely on physician review websites to find healthcare
practitioners. Customer surveys suggest that about 72% of consumers use physician rating sites as the first
step in finding a new physician,1 80% trusted online reviews as much as personal recommendations from
acquaintances, and 47% preferred out-of-network physicians with better reviews over in-network
physicians with comparable qualifications but poorer reviews. Holliday et al. (2017) find that 53% of
physicians have visited a physician review website, potentially in an effort to improve patient satisfaction.

Accordingly, over 70 different websites host reviews of physicians in the US. This increased availability of
reviews is driven by both new dedicated sites (e.g. Healthgrades.com, RateMDs.com, and ZocDoc.com),
and established platforms that added a platform for physician reviews (e.g. Google, Facebook, and Yelp).
In 2010 the Centers for Medicare & Medicaid Services launched “Physician Compare,” which saw lower
usage than expected. While it would be ideal to observe the other big platforms as well, we focus on yelp as
the most widely used review site.! Including only yelp potentially leads to under-reported estimates, if the
review availability of other platforms across cities correlates negatively with review availability on yelp.

Crowd-based ratings on Yelp. Yelp is a website where consumers can leave reviews for a variety of
businesses. It is widely available across the US and has high coverage of physicians. On Yelp, users can
freely read and write reviews of physicians. Users can give ratings from 1 to 5 stars and add a narrative
review. By mid 2020, Yelp users have contributed over 21 million health-related reviews.

Empirical Strategy

Hypothesis development: Our main hypothesis is that online reviews affect patient choices by
rendering the task of searching for a new physician of high quality easier (Shukla et al., 2021). We expect
that online reviews decrease search cost and reduce patients’ uncertainty about the quality of physicians.

To formalize this idea, consider time-constrained patients forced to find a new physician. Denote the net
benefit of searching for and contacting a physician as vp. The net benefit vp depends negatively on the
patient’s search cost cs and positively on the new patient’s expected match value E(q) with the physician.

1 In future work we plan to widen our pool of online reviews.
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Assume (without loss of generality) that patients do one task per day and have an alternative action of
value v, which is randomly drawn from a continuous distribution. Each day, patients choose the task with
the highest net value out of v, v,. The probability of a patient doing something other than finding a
physician is given by P(v, < v). The expected number of days until a patient searches for a physician can be
calculated as a probability-weighted average of the different infinite possible outcomes:

E(DAYS) = (1-P(vp<Vv)) -1+ P(vp<sv) - (E(DAYS) + 1) (1

The expected number of days is given by E(DAY S) = 1/(1 — P(v, < v). The probability that the physician
search is less attractive than the alternative action enters negatively in the denominator, such that a
higher net-value of finding a physician v, implies a lower expected number of days until the patient
engages in search and, consequently, a shorter inter-visit duration. Reviews increase v, by reducing the
search cost (cs), and by raising patients’ expected match value E(q). This mechanism leads to fewer days
until the next visit. We derive two hypotheses from this mechanism:

e Hau: If online reviews are available, then patients who need to find a new physician are more likely
to do so in any given time window.

e Haz2: If online reviews are available, then patients who need to find a new physician will find their
physician faster, conditional on searching.

Note that our hypotheses on the idea that patients play an active role in their choice of specialists, which
we think is true for routine visits. However, a similar dynamic would ensue if GPs considered the
information form health reviews when deciding their referrals.

Estimation approach: Our identification strategy relies on physician retirements as a disruptive shock
that forces patients to search a new physician. We use this approach, because patients will generally stick
to their existing relationships. Physician retirements have been shown to a negative effect on patients
(Lam et al., 2020), and we will document that physician retirements induce a gap in treatment. While a
physician’s retirement is a specific shock, similar disruptive events can be observed when patients move to
a new location, change their insurance plan, or develop a new condition. We would expect to find similar
effects of online reviews in patients that experience such life changes.

To analyze whether online reviews shorten the care-gap, we use a DiD approach that quantifies the effect
of having a high number of online reviews for physicians in a given city. We estimate linear models with
observations at the level of patient p in period t of the form

yp,t = a postt + Bdidp,t + y Xp,t + & + ep,t. (2)

We estimate this model for two dependent variables yp,t: first, a binary variable that takes a value of 1 ifa
patient saw a new physician within 15 months (fup15), and, second, the time until the next physician visit
measured in days (DAY S), using city-level fixed effects (&). Although fupis is a binary variable, we use a
linear probability model (LPM) because this allows us to obtain consistent estimates while including a
large number of fixed effects and interaction terms (Ai, 2003). Note that the fixed effects at the city level
replace the usual indicator for the treated group, as this dummy would get absorbed by the fixed effects.

Treated patients live in cities with a large increase in the availability of online reviews between the pre and
post period. The precise definition provided in Section 5.1. The term post is an indicator variable that
takes a value of 1 if the retirement is in the treatment period. The DiD-term didp,t takes a value of 1 if an
observation was made in a city with reviews and in the period after treatment (post period). This indicator
is built using only reviews before the patients choice to avoid reverse causality. The control variables Xp,t
capture patient (age, gender) and physician (specialty) characteristics.

Note that we cannot match reviews to physicians to preserve anonymity, but we observe the presence of
reviews at the city level. Nevertheless, even our city-level measure of reviews can capture various channels
of the usefulness of reviews in reducing the care gap after a physician retires. We further explored
measurement concerns in our (omitted) online Appendix C.2 In this appendix we show that our results are

2 The Online Appendix had to be omitted for reasons of space but is available upon request.
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robust to controlling for additional demographics such as education, highspeed internet, income or
number of doctors in the area.

Greater availability of Yelp reviews could be associated with a higher degree of education or engagement
of citizens in managing their health care. These factors are likely to be relatively constant over time. To
account for unobserved time-constant heterogeneity among cities, we include fixed effects for the city
where the patient lives &. We discuss potential unobserved heterogeneity in cities over time in the
following subsection.

Identification The key challenge in our analysis is identifying whether a causal link exists between the
presence of online physician reviews and the time it takes for patients to select their new physicians. The
main hindrance to identification is endogeneity caused by i) omitting important explanatory variables and
ii) selection into treatment, which we discuss below. In an (omitted) online Appendix C we discuss these
and other concerns in greater detail.

Omitted variable bias. We use four strategies to address a potential OVB: (1) cityfixed effects in the
DiD regression control for any time-invariant factors (geography, city layout, or physical
infrastructure,...). (2) we need to control for time-varying factors that may affect the time it takes patients
to find a new physician after a retirement. Such factors could be changes in the composition of the
population (e.g., age, education, income), technological progress (e.g., improved infrastructure,
broadband adoption, adoption of ICT), asymmetric government or insurance policies to shorten the care
gap (e.g. reduced entry barriers for physicians), and changes in health-related attitudes. We therefore add
control variables for broadband availability, income, education, and the number of physicians. (3) we run
a placebo test on patients of non retiring physicians. This placebo analysis documents that the time
between visits has not generally decreased in treated cities. The control variable analysis and the placebo
analysis are further supported by our pre-trend analysis (Figure 2), which highlights no shifts in the
underlying trends until 2012. (4) we take additional precaution and run an IV two-stage least squares
(2SLS) estimation based on the presence of reviews in other Yelp categories. This IV addresses any
omitted variable bias or reverse causation due to physician-driven factors, that might have begun after
2012 and changed more quickly in treated cities than untreated cities.

Because of these four measures, any remaining omitted variable bias would have to be due to a variable
that (1) is time-varying, (2) is correlated with online reviews and the time between visits, (3) is not driven
by physicians directly, (4) would not be seen in the pre-trends until 2012 and, (5) influences the time
between visits for patients of retiring physicians, but not for patients of non retiring physicians.

Selection into treatment. Two more concerns arise because treatment was not randomly assigned.
First, unobserved factors might partially govern which cities received treatment (e.g. physicians’
technology adoption such as appointment booking systems). This concern is akin to OVB, just with a focus
on drivers of review provision. It is addressed by our robustness checks in Table 3. Second, treatment
could be more effective in treated places. And less effective in untreated places — even if they were created
exogenously. Hence, we interpret our results as Average Treatment Effect on the Treated (ATT), but we
argue that this issue will disappear as adoption progresses.

Measurement Error. While it would be ideal to observe the other big platforms as well, we focus on
yelp as the most widely used review site. Including only yelp potentially induces a downward bias in our
effect estimates, if other platforms have better review availability in places in which yelp is
underrepresented and vice-verca. In the Online Appendix3 we provide a more extensive discussion how
our identification strategy addresses reverse causality, OVB, simultaneity, measurement error and
selection into treatment.

3 The Online Appendix had to be omitted for reasons of space, but is available upon request.
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Data

Sources and preparation

Our analysis combines patient-physician-level data with city-level data on online reviews. We use data
from the website Yelp.com to measure the availability of physician reviews across the United States and
Optum’s deidentified Clinformatics R Data Mart Database (CDM) to observe patients’ physician choices.

Physician review data and the definition of the control and treatment group. Starting from
the top 100 US cities by population, we selected the 30 cities with the lowest and highest review
accumulation per capita. The full list of cities can be found in Tables A2 and A3 in an (omitted) online
Appendix A.2 which is available upon request. In this Appendix we also describe the details of our
procedure. Until the late 2000s — our pre-treatment period — hardly any reviews existed in any given city.

The left panel of Figure 1 shows that our procedure was effective, as reviews indeed became widely
available in the treated cities but not in the cities in our control group. The central panel of Figure 1 shows
the cities in which we identified physician retirements, and the boxplot on the right highlights the care-
gap that results from a physician’s retirement. The average number of days until the next visit after a
retirement exceeds 275 days, whereas the average time between visits without a physician retirement is
137.75 days. Similarly, the average time between visits before a retirement is 125.02 (see Figure 1)

Patient data. Optum’s deidentified Clinformatics Data Mart Database (CDM), is a commercial and
Medicare Advantage claims database with beneficiaries in all 50 US states from 2007 to 2018. Claims are
created whenever patients visit their physician and the physician charges the patients’ health insurance
for the payment (in full or in part). From this information we can observe patients’ physician choices and
the time until the next visit. The database includes over 55 million unique patients over the 10+ years
captured, and roughly 15-18 million patients in a given year.

Figure 1: Cities in the sample, review growth, and care-gap.

per 100K population Number of Retirements by City

Online Physician Reviews
based on 2010 Census 0

Treatment Group

Control
Treatment

N
=

Non-Ret Before Ret After Ret

Days
200

Reviews per 100K

Date

Notes: The left-hand figure compares the growth in the number of reviews per 100,000 inhabitants in treated and
untreated (control) cities. The central figure shows the location of the treated and untreated cities in our sample; the
circle’s size reflects the number of retirements detected. The boxplot on the right compares the distribution of the time
between patient visits for nonretiring physicians (left) to retiring physicians before (middle) and after retirement (right).

For our analysis we focused on specializations where patients can easily delay a visit to the new doctor. In
other words we picked specializations that involve an element of trust, or have a strong element of routine
visits and preventive care, so that they are often considered ‘non-urgent,” thus creating a more imminent
risk of a care gap when the relationship is disrupted. Our most preferred discipline would have been
dentist visits, but — because they are not available in our data — we focused on cardiology, dermatology,
infectious disease, gastroenterology, and psychiatry.

We aggregate patient claims to daily visits, using data from October 2007 to March 2010, and from
October 2015 until March 2018. We focus our analysis to specialties that are considered to benefit from
regular visits and preventative care and that are frequently considered ‘non-urgent,” because we suspect a
more imminent risk of a care gap when the relationship is disrupted in such a discipline. We chose
cardiology, dermatology, infectious disease, gastroenterology, and psychiatry, which gave us a sizeable but
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manageable amount of data to work with.4 We also use the claims data to infer when a physician retires
and identify retirements that occur in the twelve central months of both data windows (2008Q2 to
2009Q1 vs. 2016Q2 to 2017Q1).

We retain only cities with observations before and after treatment, which leaves us with 16 treated and 18
untreated cities. The location of the cities in this data set can be seen on the right-hand side of Figure 1,
where blue bullets indicate cities in the treated group, red bullets indicate cities in the control group. The
size of the bullet indicates the number of physician retirements we observe in each city.

Descriptive Statistics

The unit of observation in our main dataset is a patient of a retiring physician, either at the time of the
first visit to a new physician, or the end of our observation period. Table 1 shows the main variables in our
study. Panel A gives information about the size of our treatment group and sample period. About 44% of
the patients that are affected by a retirement are observed in 2014-2017, which we define as our treatment
period (post), and 45% of the patients in our sample live in the cities in the treatment group (treat). Our
data cover more patients from untreated cities than treated cities, and 15% of patients are in the treat
group in the post period (DiD).

Patient characteristics. In our data, 55% of the patients are female, and patients are on average 65
years old when their physician retires. Only 36% of the patients in our data are under 65, 27% are between
65 and 75, and 37% are 75 and over. Patients between 20 and 49 are the reference category in our
regression analysis. Consistent with the age structure, most visits concern cardiology (53%) and
dermatology (29%). The remaining visits concern infectious diseases and gastroenterology (15%) and
psychiatry (3%).

Time between visits and “care-gap” after retirements. Our main outcome variable is the time that
elapses between two visits. Only 40% of patients in our data follow up with a new physician within 15
months of their last visit to a retiring physician (fup1s5). We observe a large care-gap after a physician
retires. Note that we chose 15 months to allow patients a little over a year to find a new doctor. Our main
results are robust to using 3, 6, 9, or 12.5

The average number of days until the next visit after a retirement exceeds 275 days, whereas the average
time between visits without a physician retirement is 137.75 days. Similarly, the average time between
visits before a retirement is 125 days (see also Figure 1). Further details are available upon request.

The impact of reviews: descriptive evidence. In Table 2, we compare the relative frequency of a
followup visit and the days between visits for patients in the four treatment groups (pre- vs. post and
treatment vs. control group). Although follow-up visits within 15 months seem to be less likely over time,
the time between visits increases in the control group but decreases in the treatment group. In Figure A1
in the (omitted) online Appendix A we analyzed the distribution of the time between visits for each group
of patients, confirming that the mass of long time between visits decreases. ©

4 Our ideal candidate discipline would be dentist visits, but these are not in our data. Future work aims to
expand the scope of our analysis to GPs and other suitable disciplines.

5 The effect is strongest for 12 months. 0.075 vs. the reported 0.07. These results are shown in an online
appendix (E ) which is not included for reasons of space, but is available upon request.

6 Table A5 of our online Appendix A.4 (not included) shows a comprehensive analysis of intervisit times.
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Table 1: Descriptive statistics.

Mean Min. Max.

Panel A: Treatment definition

post 044 O 1
treat 045 O 1
DiD 0.15 0 1
Panel B: Patient, city and physician characteristics
Female 0.55 0 1
Age (years) 64.7 0 89
Age below 20 years (age_u20) 0.03 0 1
Age 20 to 39 years (age_2039) 0.09 0 1
Age 40 to 49 years (age_4049) 0.07 0 1
Age 50 to 64 years (age_5064) 0.17 0 1
Age 65 to 74 years (age_6574) 0.27 0 1
Age 75+ years (age_75) 0.37 0 1
Cardiology (card) 0.53 0 1
Dermatology (derm) 0.29 0 1
Infectious Diseases & Gastroenterology (infc_gast) 0.15 0 1
Psychiatry (psych) 0.03 0 1
Panel C: Main outcome variables
Follow-up visit in 15 month (fupm15) 0.398 0 1

Time between visits (days)

2

75.32 3 1,401

Notes: The table shows the summary statistics of the main estimation sample used in Table B6. The number of

observations is 27,113.

Table 2: Relative frequency of follow-up visit and time between visits.

All Control Treatment
Pre Post Pre Post
Follow-up visit (15m) 0.398 0.445 0.435| 0.353 0.336
Intervisit time (days) 275.32 | 271.71 282.18| 274.18 268.48

Notes: The table shows the mean frequency of a follow-up visit within 15 months as well as the mean time between
visits in days for both treatment groups in each period.
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Analysis of the pre-treatment trends. Our DiD estimation requires verification of the parallel trends
assumption. The left side of Figure 2 compares the quarterly averages of the time between visits after a
retirement in treated and untreated cities. We provide this comparison for the year used in our
pretreatment period (2008Q2 to 2009Q1) and the subsequent three years. The right panel applies linear
smoothing and shows confidence intervals. The average time between visits is slightly longer in treated
cities, and grows slightly faster in cities that receive treatment by reviews, but the difference is small and
insignificant. The visual impression is confirmed by a regression analyzing interactions of the treatment
dummy with a time trend or retirement quarters (analyzed in Table A6 in the omitted online Appendix A).
We found no significant difference in the development of the number of days between visits over time.

Figure 2: Pre-treatment Trends.

Pre-trends analysis - boxplot with smoothing Pre-trends analysis indexed on mean of first four quarters

120- A A

1000- e /\\

Days
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Retirement Year Quarter
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Retirement Year Quarter
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Notes: This figure analyses whether a patient’s time between visits after their physician retires evolves similarly over
time for patients in cities with and without reviews. The left figure shows quarterly box plots of the distribution of these
patients’ time between visits by treatment and control groups. The right figure shows the linear trend of the average

time between visits per patient, indexed by the average time between visits in the pre-period.

Results

Effect of reviews on physician visits

In columns 1-2 of Table 3, we document our main regression result: Online reviews reduce the care gap
that patients experience after their physician retires. We document this for two outcome variables: the
probability of a follow-up visit within 15 months (col. 1) and the number of days until the next visit
(conditional on observing a visit; col. 2). All specifications include specialty and city fixed effects, and
control for a patient’s age and gender. Before turning to our main finding, we note that patients in the

postperiod are less likely to pursue continuous care within 15 months and they have their follow-up visits
later across all specifications.

When reviews are available, patients in cities in our treatment group are on average 7 percentage points
(p.p.) more likely to have a follow-up visit in the next 15 months (Col. 1) Column 2 of Table 3 summarizes
the analysis of our second main outcome variable: days between visits. The result is consistent with the
findings in column 1. The main effect in column 2 shows that the time between visits decreases by 30.7
days with reviews. We undertook additional analyses and robustness checks in the (omitted) online
Appendix B. Our results Table 3: Effect of reviews on follow-up visit (LPM) and time between visits
remain consistent if we (1) vary the pre-treatment time-window (Section B.1), (2) use different time fixed
effects (Section B.2), or (3) use shorter cutoffs for the follow-up regression (Section B.3). We also analyze
how the effects vary by age (Section B.4), specialty (Sections B.4 and B.5) and by population growth
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(Section B.6). The effect is driven by cities with faster population growth, and by visits concerning
cardiology and gastroenterology.

Finally, the effects are strongest for young patients (20-49) and for very old patients (75+) who might
receive help from younger friends and relatives. reviews on follow-up visit (LPM) and time between visits.

Table 3: Main Results

Base model OVB Controls IV (plumber rev.) Placebo
Follow-up DAYS Follow-up DAYS Follow-up DAYS [Follow-up DAYS
(1) (2) (3) (4) (5) (6) (7 (8)
DiD 0.070 -30.685"  0.047 *** -28.656 *** 0.116... -55.459... |-0.008.. -3.574
(0.014) (9.131) (0.019) (13.063) (0.020) (12.685) |(0.004) (2.244)
post -0.057 *** 24943 *** -0.056** 32.816** -0.060 *** 25.739 *** 10,029 *** 2.722*
(0.009) (5.376) (0.023) (16.376) (0.010) (5.844) (0.003) (1.637)
Education (%) 0.001 2.081
(0.002) (1.492)
Income p.c. -2.285.. 817.864
(1.039) (864.906)
Poverty (%) -0.011... 6.411...
(0.003) (2.280)
# Physicians 0.00001. -0.003
(0.00000) (0.002)
Broadband (%) 0.040 -22.086
(0.062) (48.084)
Ref. Category 20-49 20-49 20-49 20-49 20-49 20-49 20-49 20-49
Dem. Controls Yes Yes Yes Yes Yes Yes Yes Yes
Specialty FE Yes Yes Yes Yes Yes Yes Yes Yes
City FE Yes Yes Yes Yes Yes Yes Yes Yes
Observations 27,113 13,007 23,038 10,719 27,113 13,007 288,436 160,935
IV 1st Stage (OLS coefficients)
#Plumber Revs. 0.051* 0.059**

(0.0002)  (0.0004)

marg. adj. R 0.155 0.164 |

Notes: In this table, we analyze the effect of reviews on a patient’s likelihood to follow up with a new physician (odd columns)
and the number of days until this follow-up visit occurs (even columns) after their old physician retires. Columns 1 and 2 show
the baseline result (reference category: patients age 20-49 years). In columns 3-4 we include controls that could be omitted
confounding factors. Columns 5-6 show an instrumental variable regression using a city’s number of online reviews for
plumbers as the IV. Columns 7-8 show the results of a placebo test for patients of nonretiring physicians. White’s (1980)
heteroscedasticity-robust standard errors are shown in parentheses. *p<0.1, *xp<0.05, #%+p<0.01.
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Identification and robustness checks

Our main argument highlights that reviews are particularly useful when existing physician-patient
relationships are disrupted. In the subsequent sections, we examine the possibility that our results are
driven by factors that are correlated with the presence of reviews and also affect the time between visits.

First, to mitigate the concern that our results are due to the potential selection into treatment, we report
instrumental variable estimations based on (1) Yelp reviews for other professions and (2) the share of
young physicians in a city. Second, to rule out the possibility that our results are driven by an omitted
variable, we (1) add further control variables and show that the results do not qualitatively change, and (2)
conduct a placebo test in which we estimate the main regressions for patients of nonretiring physicians.
This test allows us to rule out any other omitted factors that generally decrease the time between visits in
a location, regardless of retirements.

Instrumental variable specification

Reviews for physicians could emerge due to unobserved technology adoption by physicians that coincides
with improved follow-up rates and shorter intervals between visits. We address this concern using reviews
that are not health related as an instrument. Reviews in other categories are not driven by health-specific
developments but are predictive of reviews for physicians. We collected the number of Yelp reviews for
plumbers and hairdressers at the city level. Tables D7 and D8 in an (omitted) online Appendix D we
verified that reviews for plumbers and hairdressers are highly predictive of reviews for physicians. The
exclusion restriction is easily defended, because reviews for plumbers plausibly do not affect the time
between physician visits directly.

Columns 5 and 6 in Table 3 report the results when instrumenting the availability of physician reviews
with the number of plumber reviews in the same city. Our main results are confirmed: reviews have a
strong positive effect on the probability of follow-up, and shorten the time between visits. The respective
coefficients are larger in magnitude than with ordinary least squares (OLS). With reviews, the follow-up
probability increases by 11.6 p.p., and the time between visits reduces by roughly 55 days.

In an online Appendix,” we also analyzed descriptive statistics for the instruments and compare the first-
and second-stage results when reviews for hairdressers, rather than plumbers, are used as instruments.
We also use reviews per capita, instead of the absolute number. The results consistently point to a higher
likelihood of a follow-up visit and a shorter time between visits. In an alternative approach, we used the
share of physicians under 45 as an instrument.8 The effects remain consistent in sign, but the specification
appears to suffer from a weak-IV problem.

Controlling for potentially omitted factors

A second concern for our identification strategy is the potential omission of variables that are correlated
with the availability of reviews and drive a reduction in the care gap. To mitigate this concern, we added
additional relevant control variables in columns 3-4 of Table 3. Specifically, we control for broadband
internet usage, demographics (income, poverty, education), and the availability of physicians. After
controlling for these variables, we observe that reviews still increase the likelihood of a follow-up visit
(+4.7 p-p.) and reduce the time between visits (by 28.7 days).

We explored more detailed descriptive statistics of this data, summary statistics, and regression results in
Tables E1 and E2 of the (omitted) online Appendix E. In Tables E3 and E4, we re-estimated our main
specification from Table 3, but sequentially add potentially omitted control variables. As expected, we
observe that the likelihood of a follow-up visit is negatively and significantly associated with income and
poverty level, and internet adoption has a positive and significant effect, though its significance
diminishes when all variables are controlled for jointly.

7 The online appendices were omitted to save space but are available upon request.
8 The online appendices were omitted to save space but are available upon request. These results can be
found in Tables D1, D3 and D4 of Online Appendix D. The following results are in Tables D5-D8.
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Placebo test: Patients of nonretiring physicians

Finally, we use a placebo test to rule out confounding factors that generally affect the time between visits.
Such confounding factors should also affect patients of nonretiring physicians. Columns 7-8 of Table 3
replicate the regressions in columns 1-2 for patients of nonretiring physicians.

Column 7 analyzes the probability of a follow-up visit within 15 months. In the placebo condition, this
probability is estimated to decrease by 0.8% in treated cities. Column 8 analyzes the number of days until
a patient’s next visit to a physician with the same specialty. The coefficient is 3.57 days and is not
statistically significant, despite the larger sample size and increased statistical power. We conclude that
the background tendency of seeing physicians more frequently in treated cities is negligible.

In the (omitted) online Appendix F we verified the consistency and robustness of our results. First,
(omitted) Appendix Tables F1 and F2 we analyzed the decomposition of the placebo effect by specialty,
age, and city population growth. Second, we made sure that the placebo results are not driven by how we
impose placebo retirement dates by using a patient’s average time between visits over the full period of
observation as dependent variable (in Appendix Table F3).

Remaining limitations

These three robustness analyses together reduce various identification concerns. First, the IV approach
rules out that selection into treatment (review generation) is driven by any physician-specific
developments. Second, the additional controls account for other internet-driven factors (broadband) and
important demographic developments. Third, the placebo test highlights that the pattern of a reduction in
the care gap is not generally observed in treated cities, but only for patients whose relationship ended. We
show the absence of a pre-trend and, by design, always control for time-invariant factors. Moreover, we
always control for age-specific factors and show in a robustness check that the pattern is driven by
dynamic places with higher population growth.

Any remaining confounding factors that drive the effects we observe would have to be (1) different from
the ones we controlled for and (2) limited only to patients of retiring physicians, rather than all patients in
a treated city. However, we cannot address one remaining source of bias. Adoption of online reviews is
stronger in dynamic places with a younger population, and our effects are strongest in places where
reviews are widely used and weakest where adoption is low. In other words, we estimate a (highly
relevant) average treatment effect on the treated (ATT). However, this issue would disappear once review
platforms are widely adopted everywhere. Until then, the concern merely confirms the need to encourage
greater availability and adoption of online reviews of physicians by designing an engaging and
comprehensive review platform.

Conclusion

Summary. We show that online reviews help patients to find a new physician when they need one. We
use physicians’ retirements as a disruptive shock that requires patients to find a new physician. We
employ a DiD strategy in which we compare cities with and without many online reviews in the years of
2008 and 2017. When online reviews are available, patients are 7 p.p. more likely to follow up with their
care within 15 months. Furthermore, if a patient follows up with a new physician, the time until this visit
is on average about one month (30.7 days) shorter than otherwise.

Interpretation. Our findings highlight the potential of online reviews to improve efficiency and welfare
when patients need to find a new physician. Patients consider online reviews when searching for a
physician and these reviews affect patients’ behavior. Online reviews seem to “make it easier” to visit a
physician, and to reduce the risk of a gap in care whenever physician-patient relationships are
interrupted. This finding is of particular importance in the medical sector and for patients where
continued preventative care is important, and it also has a distributional dimension which is more
prevalent than in other domains of digital WOM: Societies or large health-care systems where information
about good physicians is “implicit knowledge” might be able to harness online reviews to achieve more
equity in health care by making access to information easier and more widespread.
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Societal and Managerial Implications. Our findings have important implications for managers of
healthcare systems and platform owners because they show that enhancing the flow of information about
doctors can lower the hurdle for patients to seek advice from a doctor. This is particularly important in
countries where reviews are less widely available than in the United States. Given their value to patients,
health insurers, whether public or private, should pay close attention to the availability of online health-
related reviews. Moreover, stakeholders should try to make the information on existing platforms more
accessible to their clients, and consider providing carefully designed and incentive-compatible platforms
that motivate patients to provide informative and accurate online reviews about physicians.

Further research. By showing that online reviews help to reduce the risk of interruptions to continuous
care when physicians retire, we provide a first step to understanding the potential of online reviews to
directly benefit patients. However, we believe that the same mechanism applies to many other life
changes, especially for patients — for example, when they move to a new city (or even to a new
neighborhood), need to see a new specialist, or change their insurance carrier. Further research should
explore these other potential causes of interruptions in care. A second fruitful avenue for further research
is studying patient-physician matches. We hypothesize that online reviews help patients to find better
matches, and this could be tested by analyzing the number of physicians visited by patients before they
commit to a particular one. Third, a long-term study could leverage the ongoing COVID pandemic to
evaluate the risk of care gaps to patients’ health. Such a study could determine the long-term health risks
associated with a gap in care when treating cardiovascular disease or other serious chronic conditions.
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