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Abstract

We examine a mobile outpatient appointment app—a light-weight Information and Communication

Technology innovation—launched by Chinese hospitals. The objective is to assess the effect of in-

formation provision and streamlined appointment process on hospital operations and alignment of

healthcare supply and demand. Using a longitudinal data on hospital operation and a difference-in-

differences model, we document that the app increases hospital visits by 9.5%, achieved by boosting

registrations by 4.8% and reducing appointment cancellations by 3.4%. The app improves queuing

efficiency in overcrowded hospitals and draws demand for underutilized ones. It results in a better

match between patient demand and hospital service by directing patients to hospital departments

more suitable to one’s medical conditions and to less busy days. Subsequent app launches shorten

the average waiting time for booked appointments.
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1 Introduction

Before dawn on an ordinary day, the queue for consultation registration outside Beijing Union

Hospital, one of the nation’s flagship research hospitals, has stretches for hundreds of meters.

While this particular hospital may be the worst case in the country, the media has long re-

ported that “queues at Chinese hospitals are legendary” (Economist, 2017). Though much of

the overcrowding can be attributed to a shortage of medical resources, the mismatch between

healthcare supply and demand must not be overlooked. In China, the hospital-bed utilization

rate has reached 102 % in large research hospitals, but is only around 60 % in small primary-care

facilities (National Bureau of Statistics, 2015). Elsewhere in the world, suboptimal allocation

of limited medical resources has been documented in both developing and developed countries.

In the US, a shortage of general practitioners and oversupply of specialists contributes to both

underprovision and excess spending (Japsen, 2016; Jauhar, 2014). Despite wide recognition of

the supply-demand mismatch in Chinese healthcare system, changes have been scarce and late

in coming (Eggleston et al., 2008).

Institutional reforms, such as introducing a general-practitioner-based referral system and

better incentivizing primary-care providers, are necessary to correct the mismatch. However,

these reforms are progressive and expensive. In this paper, we document the success of a

mobile outpatient appointment application (app) – a lightweight information technology (IT)

innovation – in improving supply and demand alignment in China. This app was designed by

a private Chinese healthcare IT company, which we refer to as the Company hereafter, and

launched by the Company’s client hospitals. Prior to the app’s launch, these hospitals, like

most Chinese hospitals, accepted only walk-in registration for outpatients, who would queue

for consultation. Launching the app is inexpensive to hospitals (around 2 million CNY or 0.3

million USD per hospital), and it changes their operations only by streamlining consultation

appointments, informing patients of doctors’ availability, and allowing advanced booking for

hourly slots.

Our objective is to evaluate whether and how the app improves hospital operations and the

match between supply and demand across time and hospitals. To this end, we were granted the

access to the Company’s longitudinal dataset of hospital-department-day outpatient records

from 2013 to 2016 for 22 urban hospitals in a developed coastal province of China. All the

sampled hospitals are using the Company’s uniform Hospital Information System. By the end

of the observational window, 9 of the 22 hospitals had launched the appointment-scheduling

app. The app was launched at different times, and the sequentiality of app adoption allows a

staggered difference-in-differences (DID) analysis. This method’s key identification assumption,
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exogenous launch timing, is backed by the app’s institutional features and formal falsification

tests. To supplement the hospital-department level analysis, we also examine a separate dataset,

the app-user data, to study the impact of the app’s subsequent launches on its first batch of

users.

Our findings are twofold. First, we establish that the app improves hospital operations by

boosting outpatient consultation visits by 9.5%. This is achieved by increasing registration

counts by 4.8% and reducing cancellations, which are defined as a registered patient’s failure

to see a doctor on the registration day, by 3.4%. The cancellation rate averaged 12% in our

sampled hospitals prior to the app launch, which suggests that one out of every eight registered

patients walked away before consulting a physician, possibly deterred by the long queues. By

informing patients of doctors’ availability and allowing advance booking, the app effectively

reduces the cancellation waste. The extent of reduction implies tens of millions in increased

hospital revenue and avoided patient opportunity costs.

Second, the app serves as a “soft” triage mechanism that facilitates better matching between

patients and hospitals:

1. We find that in post-adoption hospitals, patients avoid busier weekdays and increase their

visits during less busy weekends. The app-user data show that although subsequent app

launch reduces average waiting time for users across all days of the week, the reduction

on weekends is the largest.

2. In large tier-three hospitals, we find that the app reduces walk-in registrations and in-

creases visits by reducing cancellations. In tier-two hospitals, we find that a net increase

in registrations explains the increase in visits. This is a welcome outcome, as in China

tier-three hospitals are often overcrowded and tier-two hospitals are underutilized (Yip

and Hsiao, 2008, 2014).

3. We find that after app launch, the increment in total visits mostly occurs in departments

that handle more severe medical conditions in tier-three hospitals and those that handle

less severe conditions in tier-two hospitals, which suggests that patients are better able to

choose the “right” hospitals according to their medical needs.

Overall, our findings demonstrate that the app is an affordable and easy-to-implement step

toward better healthcare provision in China and, possibly, many other developing countries.

Our work is related to three streams of literature. First, on non-price factors that influence

the healthcare demand, previous research finds that the patient’s choice of hospital is respon-

sive to information, such as that from social network (Moscone et al., 2012), hospital report
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cards (Dranove and Sfekas, 2008), and government websites (Varkevisser et al., 2012). Studies

by Gaynor et al. (2016) and Cooper et al. (2011) document patients’ “shopping” for hospitals

when provided with more information and choices. In this paper, we study the effect of provid-

ing appointment availability information and scheduling flexibility. Our findings of improved

hospital operations and demand-supply alignment show that non-price factors, such as length

of waiting, ease of hospital access, and information technologies, are clearly important.

Second, our paper also addresses healthcare resources’ allocative efficiency: how to direct

limited funds toward purchasing an appropriate mix of healthcare services (Garber and Skin-

ner, 2008). Previous studies have documented extensive supply-side culprits for the lack of

allocative efficiency, such as an oversupply of specialists (Baicker and Chandra, 2004), distor-

tion in physician incentives (Clemens and Gottlieb, 2014), and expensive but narrowly targeted

medicine and technologies (Chandra and Skinner, 2012). Our work contributes by documenting

demand-side factors’ importance in allocative efficiency: when better-informed and given more

choices, patients are able to sort into more efficient utilization of healthcare resources.

Finally, our analysis of the app adds to a growing literature of digital healthcare, such

as adoption of electronic medical records (Agarwal et al., 2012; Agha, 2014; Dranove et al.,

2014; McCullough et al., 2016; Miller and Tucker, 2011), handheld mobile technologies for

physician (Prgomet et al., 2009), mobile-phone-based interventions for patient adherence to

medical treatment (Chow et al., 2015; Lester et al., 2010; Ramachandran et al., 2013), impact

of health IT on clinical routines (Goh et al., 2011), online health community (Goh et al., 2016),

online physician ratings (Gao et al., 2015), telemedicine consultations (Serrano and Karahanna,

2016), and IT’s facilitating role in hospital quality disclosure (Angst et al., 2014). Our work

differs in its focus on quantifying the causal impact of the app on patient choices.

2 Background

Before proceeding to the empirical analysis, we first discuss three features of the Chinese health-

care system that are particularly relevant to understanding why the app may be valuable. We

include a more elaborated discussion on the Chinese healthcare system in Appendix A. We then

describe the app’s design, functionality, and launch process.

2.1 Three Features of the Chinese Healthcare System

Three-Tier Public Hospital System China established a three-tier hospital system be-

tween the 1950s and 1960s. The system’s structure and function have not radically changed

since then (National Bureau of Statistics, 2015). The three tiers can generally be regarded as
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communal- (tier one), township- (two), and city-level (three) hospitals. The classification is

slightly different in rural and in urban areas, and depends on weighted scores of hospital char-

acteristics. Size measures, such as the number of inpatient beds, are predominant classifiers

(Ministry of Health, 1989). Lower-tier hospitals mainly provide primary and preventive care,

perform basic surgical procedures, and serve local communities. Tier-three hospitals provide

more comprehensive care, such as acute care and specialist services. They also play a dominant

role in medical education and research. All three tiers have outpatient departments that serve

walk-in patients.

Lack of a Referral System There is no general-practitioner-based referral system in China,

nor any other formal protocol for patient referral (Xu et al., 2010). Any patient can simply

walk into a hospital’s outpatient department, queue to register, and join another line to consult

physicians. Consequently, the nation’s public health insurance system typically does not require

a valid referral from lower-tier hospitals or general practitioners to the reimbursement of costs

incurred in higher-tier hospitals.

Lack of Price Differentials The outpatient consultation fee is regulated and capped at a

very low rate across all hospitals. In our sampled hospitals, it is generally less than 15 CNY

(around 2 USD). Not only is the consultation fee nondifferentiable across hospitals, but prices

for prescription drugs and basic diagnostic tests are also heavily regulated and do not differ

significantly between hospitals in different tiers (Yip and Hsiao, 2008). The price mechanism

that steers supply and demand for outpatient consultation, therefore, is largely missing.

Because of this lack of a referral system and price differentials, patients tend to skip commu-

nity healthcare facilities and flood into high-ranking hospitals (Eggleston et al., 2008). The dis-

parity between tier-three and tier-one hospitals quickly escalated after market-oriented health-

care reforms in the 1980s and 1990s. Tier-three hospitals have grown rapidly in size and captured

the dominant share of skilled physicians, patients, and revenue. In contrast, lower-tier facil-

ities are increasingly understaffed and underfunded, which creates a downward spiral for the

quality and reputation of lower-tier facilities. In 2014, the average tier-three hospitals in China

employed 26 times more physicians and nurses, treated 27 times more patients, and generated

60 times more revenue than their tier-one counterparts. The bed occupancy rate in tier-three

hospitals averages 101.8 %, in contrast to only 60.1 % in tier-one hospitals (National Bureau of

Statistics, 2015). Table 1 provides descriptives that contrast hospital characteristics in different

tiers. Like Beijing Union Hospital, many tier-three hospitals are overcrowded, experience long
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waiting time, and disappoint many registered patients who leave the queue before being seen

(Blumenthal and Hsiao, 2015; Yip and Hsiao, 2008).

2.2 The Mobile Outpatient Appointment App

App Designer The mobile outpatient-appointment app was designed by a publicly listed

healthcare IT company (the Company) in China. By the end of 2016, the Company had

launched the app in more than 300 client hospitals in China and had close to 10 million app

users. The Company typically charges a hospital around 2 million CNY (0.3 million USD) for

the app and its future maintenance, but does not otherwise interfere with the client hospital’s

operations.

In addition to the app, one of the Company’s main products is a hospital information system

(HIS), which is a one-stop IT solution for hospitals. To ensure a uniform data standard, we

only sample hospitals that use the Company’s HIS.

Main Functions of the App The app has two main functions: displaying physicians’ avail-

ability and allowing advanced booking. It is a mini-program add-on onto WeChat, which is a

mega social-network application: Its daily active users account for more than 88% of all Inter-

net users in China (Clover, 2016). The app works on all mobile platforms and does not require

a separate app-store download or installation. We show the app interface in Figure 1. After

opening a hospital’s page on the app, the user is presented with the left-hand panel, which

provides visual guidance to help match his/her illness or symptoms to a hospital department.

Clicking on a department leads to the middle panel, where the user can browse on-duty physi-

cians’ available hourly consultation slots for the next two weeks. After booking the desired time

slot on the right-hand panel and paying the registration fee via the app, the user can arrive at

the designated time, skipping the queue for registration and with minimum on-site wait before

seeing the physician. The user can cancel the appointment using the app for a full registration

fee refund by midnight one day before the appointment date.

Launch of the App Upon signing a sales contract, the Company dispatches IT technicians to

integrate the client hospital’s existing outpatient appointment system with the app. How soon

the pre-launch preparation is completed varies greatly, and depends on IT system complexity

and compatibility, as well as constraints on the Company’s and hospital’s manpower. Typically,

the preparation phase lasts four to six months. The identification of our difference-in-differences

analysis requires that the app launch time be exogenous, after controlling for hospital and time

fixed effects. Given the long preparation time, it is highly unlikely that an adopting hospital is
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able to coordinate the app launch time with anticipated demand shocks.

On or around the app launch date, the adopting hospital often holds a press conference

or other marketing techniques, such as website banners and offline posters to announce the

launch. These marketing efforts are mostly app-centric. Therefore, though our estimated effect

may pick up these marketing efforts, they should be interpreted as bundled with app adoption.

App-adopting hospitals typically allocate only a small fraction (around 10%) of registration

slots online and retain the majority for offline patients. Based on conversations with the Com-

pany and some sampled hospitals, we do not believe that hospitals change work schedules or

increase their workforce upon app launch. Indeed, we find no post-adoption increase in total

registrations for hospitals that, before app launch, were likely to operate at close to capacity.

3 Data & Descriptive Statistics

3.1 Hospital Operation Data

Our first and primary dataset includes daily hospital-department-level outpatient records for

22 urban hospitals in a developed coastal province of China. The Company constructed the

data by aggregating patient records in hospitals’ HIS. The sample covers the period January

1, 2013 to September 20, 2016. The panel is unbalanced, because four hospitals installed HIS

progressively in the course of 2013 and their observations are not available until HIS is up and

running. Nonetheless, from September 3, 2013 onwards, all 22 hospitals are observed until the

end of the sample period. The first app launch was in August 2014. By the end of sample

period, nine hospitals had adopted the app.

We examine three categories of outcome variables to measure hospital operations: (1) total

number of registrations for outpatient consultation, (2) total number of consultation “visits,”

defined as consultation sessions that actually occurred, and (3) registration cancellation rate,

defined as the ratio between registration-visit difference and total registrations. A cancellation

can be an “informed” one, in which a registered patient informs the hospital by canceling through

the app or revisiting the registration counter, or an “uninformed” one, in which a registered

patient simply forfeits his/her registration. In the empirical analysis, we do not distinguish

between these two types of cancellations.

The three outcome variables are further classified as either “online” or “offline.” Online

registrations are those made in advance through the app, and offline registrations are made

on-site at hospitals. Online/offline visits refer to those following online/offline registration. The

online/offline cancellation rate is the ratio between online/offline registration-visit difference
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and online/offline total registrations. Since the online outcome variables are definitionally un-

available before the app launch, we use the six total and offline outcome variables as dependent

variables in the DID analysis.

We present some descriptive statistics in Table 2. The sample covers nearly 30,000 hospital-

days and the app is functioning on 17.1 % of these days. Table 2’s Panel A shows that, on

average, the app-adopting hospitals receive more daily registrations and visits and experience

a higher cancellation rate than the non-adopters do. The high cancellation rate is particularly

worth noting: the adopters receive a total of 2,228 daily registrations, out of which 1,846 even-

tually visit the physician’s office, leaving 14.6% of registrations unfulfilled. Batt and Terwiesch

(2015) document that patients waiting in hospital lines are sensitive to visual queue length and

often abandon queues. Given the usual crowded condition of Chinese hospitals, such a high

cancellation rate is perhaps unsurprising. In Table 2’s Panel B, we conduct a simple before-

after app launch comparison. Adopters see daily visits increased from 1,704 to 2,026 and daily

registrations increased from 2,153 to 2,323. The cancellation rate decreased by 5.4 percentage

points for adopters, but barely changed for non-adopters.

3.2 App-User Data

We supplement the primary data by collecting a secondary dataset from individual app users.

This dataset covers only the app-adopting hospitals in the same coastal province, including

all nine of the adopting hospitals in the first dataset. At the unit of observation of patient-

registration, the sample contains more than 1.7 million records and covers the period from

August 1, 2014 – the first launch date – to September 30, 2016. The available variables include

a patient identifier and basic demographics, time at which a registration appointment is made,

hospital department where the appointment is at, whether it is later cancelled, and time at

which the consultation occurs. We are particularly interested in registration waiting time,

defined as the number of hours that elapse between the moment when a user make a registration

appointment and the consultation hour. This averaged 44.6 hours, which means that app users

book their consultations roughly two days in advance.
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4 On Hospital Operation

4.1 Benchmark Results

We estimate the app’s impact on hospital operations using the following DID model:

yit = α+ βAppit + λi + λt + εit, (1)

where yit is one of the six outcome variables for hospital i on day t: total registrations, total

visits, total cancellation rate, offline registrations, offline visits, and offline cancellation rate.

Binary variable Appit is one if hospital i has adopted the app on or before day t and zero

otherwise. The coefficient of interest, β, measures the effect of the app on outcomes. The

hospital’s time-invariant characteristics are controlled by hospital fixed effect λi. Dummy vari-

ables λt include both month fixed effect and year fixed effect, used to control for time-varying,

but hospital-invariant factors. In all analyses, the number of registrations and visits are in

logarithm, such that we can interpret the estimated effect as percentage changes.

Table 3’s Panel A presents the estimates for Equation 1. The simple model seems to fit the

data well, scoring R2 around 0.8 for visits and registrations and around 0.66 for cancellations.

The app increases an adopting hospital’s total daily visits by 9.5% (Column 1). This is achieved

by both increasing registrations by 4.8% (Column 2) and reducing the cancellation rate by 3.4

percentage points (Column 3). Daily offline registrations shrink by 4.4% after app launch

(Column 5), suggesting a straightforward substitution of registrations from offline to online.

This reduction is offset by a drop of 3.6 percentage points in the offline cancellation rate (Column

6), leaving the number of visits via the offline channel almost unchanged after the app launch

(Column 4).

Without directly observing health outcomes, we refrain from speculative normative assess-

ments of the changes in registrations and visits. However, it is difficult to believe that the

reduction in cancellations is not efficiency-improving. Some conservative back-of-envelope cal-

culations help to put the 3.4-percentage-points reduction into perspective. The nine adopting

hospitals in our sample combined saw, on average, 15,741 daily registrations before the app

launch. A 3.4-percentage-points reduction in cancellations means that, after app launch and

on each day, around 535 registered patients who would otherwise fail to consult a physician

can now go through the queue. On average, each outpatient visit generated around 250 CNY

(36 USD) in revenue for adopting hospitals before the app launch. Hence, the reduced can-

cellation implies an increased revenue of 133,750 CNY (19,110 USD) per day, or 48.8 million

CNY (7 million USD) per year for adopting hospitals. For these patients, suppose that each
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of them would have wasted two hours each for their cancelled hospital visits. Monetizing the

wasted hours using the average hourly wage in the province’s urban cities, 35 CNY (5 USD),

the app thus reduces losses in opportunity costs by 37,450 CNY (5,350 USD) per day, or 13.7

million CNY (2 million USD) per year. In total, even ignoring the probable health benefits, the

app produces efficiency gains of 62.5 million CNY (9 million USD) annually through boosting

revenue for hospitals and reducing wasted time for patients.

We attribute the reduction in cancellations to two possible factors. First, patients with

higher opportunity costs of waiting and a higher chance of abandoning queues are more likely

to switch registration from offline to online. Since these patients can now arrive at their pre-

cise appointment time, they cancel less often. Second, with online patients arriving at their

appointed time, queues become visually shorter in hospitals’ waiting rooms, which encourages

patients who register offline not to cancel their appointments.

4.2 Robustness

Equation 1’s casual identification requires that the app launch’s timing be exogenous – that is,

uncorrelated with hospital-specific trends after controlling for hospital and time fixed effects.

In addition to the institutional features discussed in Subsection 2.2, we conduct three statistical

tests to support this assumption.

Using Emergency Room Visits The benchmark analysis excludes Emergency Room (ER)

data. This is because the app does not handle registration for ER admissions, as visits to the

ER are by nature unplanned and unexpected. This feature allows us to use ER visits as a

falsification test for the exogeneity of the app-launch timing. If adopting hospitals coordinate

app-launch with (1) anticipated demand shocks, such as an epidemic or patient population spike,

or (2) supply-side changes, such as additional staffing or an improved IT system, estimating

Equation 1 using ER visits and registrations would show statistically significant positive effects.

In contrast, Table 3’s Panel B shows negligibly small and statistically insignificant effects.

Using “Placebo” Launch Times In the second test, we create pseudo launch times for

adopting hospitals to determine whether they experienced pre-adoption trends that were dif-

ferent from those of non-adopters. To this end, we restrict the sample to the first 19 months of

the data (January 2013 to July 2014), when no hospital had adopted the app. Then, we further

create AppTit as a “placebo dummy” that switches to one after a pseudo launch time T if hospital

i is one of the nine adopting hospitals. We set time T to be each of the 13 months between April

2013 and April 2014 to ensure that there are at least 3 months of observations on either side
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of T . Figure 2 depicts the β estimates from 13 regressions and their 90% confidence intervals,

obtained by estimating Equation 1 using AppTit in place of Appit. If, supposedly, the number

of registrations was already rising faster in adopting hospitals than in non-adopting hospitals

during the first 19 months, we would estimate the coefficients for some placebo dummies to

be significantly positive. However, all estimates are small and statistically insignificant, and

significantly different from the benchmark level (dashed horizontal line). This leads us to reject

differences in pre-adoption trends between adopting and non-adopting hospitals.

Using Lead and Lag Launch Times We use a set of 12 different pseudo launch times in the

third test: one-, two-, . . . , six-quarter leads and lags of the true adopting month AppQit . Figure 3

plots the 12 estimates and their 90% confidence intervals when using AppQit in place of Appit

in Equation 1. Similar to the second test, we find no significant effect in lead quarters. The

estimates corresponding to lagged dummies have economic interpretations: They capture the

dynamic effect of the app after its launch, which puts both registrations and visits on upward

trajectories for adopting hospitals. The persistent rise of the treatment effect is consistent with

a continuous diffusion of the app’s awareness and usage, though this result should be treated

with caution, as the post-adoption data become more sparse for later lags.

In addition to these three tests on the identification assumption, we take advantage of the

large sample size and its ensuing large statistical power to examine the main results’ robustness

using subsamples. Specifically, we look at five different ways of constructing subsample: (1)

dropping three specialty hospitals (dermatology, neurology, and dentistry), (2) dropping week-

end observations, (3) restricting to hospitals in the provincial capital, (4) dropping observations

before September 3, 2013 to get a balanced panel, and (5) restricting to the adopting hospitals.

Figure 4 presents the estimates of β in Equation 1 for all five subsamples and their 90% con-

fidence intervals. Almost in every case, we observe a statistically significant increase in total

visits, contributed by increased registrations and reduced cancellations. The estimated effect

sizes are also comparable to our main results.

5 On Patient-Hospital Matching

The increase in visits and reduction in cancellations suggest that patients have responded to

the additional information and flexibility provided by the app. In this section, we examine how

patients change their visit behavior after the app launch. Specifically, we consider two channels

through which patient-hospital matching may be improved: time choice and hospital choice.
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5.1 Days of the Week

Along the time dimension, we examine whether patients adjust the timing of hospital visits to

avoid busy hours following app launch. In China, although some outpatient departments, such

as radiology, may be closed on Sundays, most departments are generally open seven days a week.

In many Chinese hospitals, including those in our sample, weekdays usually see more visits than

weekends. Table 4 provides some descriptive statistics by days of the week. Before the first app

launch, the average daily visits on weekdays are 40.5% higher than that on weekends (1,630

vs. 1,160). The average registration cancellation rate is also higher in weekdays than weekends

(12.9% vs. 11.8%). Monday is the busiest day of the week, with 1,865 visits and a 13.4%

registration cancellation rate.

To examine whether the app encourages patients to shift visits to less busy weekends, we

estimate the following DID model separately for Monday, Tuesday, . . . , Friday, and Weekends:

yit = α+ βDOWAppit ×DOWt + βOtherAppit ×Othert + λi + λt + εit, (2)

where binary dummy DOWt is one when day t is the day-of-week of interest and zero otherwise.

Binary Othert is DOWt’s complement dummy. For instance, when we estimate Equation 2 for

weekends, DOWt/Othert is one/zero when day t is either Saturday or Sunday and zero/one

otherwise. λi is hospital fixed effect, and λt includes both month fixed effect and year fixed

effect. Note that we run six regressions, one for each weekday, instead of including six weekday

dummies in one regression. This is to allow the fixed effects to be flexibly different across

regressions. As such, the estimates for βDOW should be interpreted as the app’s absolute

impact on the dependent variables by days of the week, instead of relative to other days of the

week.

Figure 5 plots the estimates for βDOW as bar charts and their 90% confidence intervals.

Both total registrations and total visits increase disproportionally more during weekends than

weekdays, suggesting that demand is better matched to hospitals’ less busy hours. It is worth

noting that despite the consistent drop in offline registrations on weekdays, the count remains

almost unchanged on weekends. This, together with a reduction in offline cancellations, leads

to a statistically significant increase of nearly 5% in offline weekend visits. The levelled weekend

offline registrations could be because the offline-to-online substitution does not happen on less

busy weekends, or because the app, perhaps by displaying the abundance of time slots, attracts

more patients on weekends through offline channels, which offsets the offline-to-online substi-

tution. The latter would suggest that the app’s impact spills over to offline visitors. However,
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in the absence of individual choice data before and after app launch, we cannot pin down the

mechanism. This remains a caveat of our analysis.

As a partial remedy, we examine individuals’ choice patterns in the supplementary app-

user data. Since the data, by construction, only includes individuals who use the app after

app launch, we cannot assess the effect of first launch on the general population. Instead, our

primary objective is to examine whether subsequent app launches in the same region shorten

one’s “in-app” waiting time, defined as the number of hours that elapse between the moment

one makes an appointment and the actual consultation. This waiting time may be either

“voluntary,” if one sets the appointment time to suit his/her own schedule, or “involuntary,”

if one’s desired appointment slot has been taken, or a combination of both. However, if we

find evidence that subsequent launch reduces waiting time, the reduction is most likely for the

involuntary portion.

In this analysis we estimate separately for Monday, Tuesday, . . . , Friday, and Weekends:

wijt = α+ βDOWNewijt ×DOWt + βOtherNewijt ×Othert + λi + λj + λt + εijt, (3)

where wijt is the in app waiting time for patient i in city j with a consultation appointment

on day t. Newijt denotes the number of new apps adopted in city j on day t since patient i’s

first online registration. Binary dummies DOWt and Othert are defined in the same way as in

Equation 2. λi and λj are the individual and city fixed effect, respectively. λt includes both

month fixed effect and year fixed effect.

Figure 6 plots estimated waiting time reduction by days of the week and their 90% confidence

intervals. The average reduction is around 2.7 hours per subsequent launch, which provides

suggestive evidence that one hospital’s adoption has spillover effects on patients of another

hospital in the same region, at least among app users. The reduction is larger on weekends,

consistent with the proposition that the app orients patients to avoid busy days.

5.2 Hospital Choice

Though changes in temporal choice appear effective in alleviating hospital congestion, it is

merely a redistribution of demand in the same hospital. By itself, this is probably insufficient

to fundamentally address the misalignment of healthcare supply and demand. In this section,

we examine post-adoption changes in patients’ hospital choices.

Among nine app-adopting hospitals, four are tier-three and five are tier-two. Table 2 provides

descriptive statistics on visits, registrations, and cancellations separately for tier-two and tier-

three hospitals. All but one of the tier-two hospitals are comparably small, receiving only one
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third of the outpatients received by the tier-three hospitals before the app’s first launch. These

small tier-two hospitals mainly provide primary healthcare. The only large tier-two hospital is

comparable in size to the tier-three hospitals and has a strong focus on maternity and child

healthcare.1 We use the following model to estimate the app’s heterogeneous impact on hospitals

of different tiers:

yit = α+ βT ierTwoAppit × TierTwoi + βT ierThreeAppit × TierThreei + λi + λt + εit, (4)

where TierTwoi and TierThreei are binary indicators for whether hospital i is a tier-two or

tier-three hospital, respectively. Figure 7 plots the estimates for βT ierTwo and βT ierThree and

their 90% confidence intervals. Both tiers experience an increase in outpatient visits that is

similar in magnitude to the benchmark result. However, our empirical investigation reveals

important differences in how the app works for tier-three and tier-two hospitals. The tier-three

hospitals might have already operated close to capacity before the app launch, leaving little

room for net increase in registrations. Instead, as in the benchmark results, registrations shift

from offline to online, reducing offline registrations by 8.4%. The streamlined queuing leads to

5.9-percentage-points reduction in cancellation rate, which explains the increase in visits. For

the tier-two hospitals, we find no evidence that pre-launch offline registrations shift to online.

The 9.9% increase in outpatient visits is mostly driven by an increase in online registrations.

A few factors may attract more online registrations, including a more convenient appointment-

booking system and hospitals’ marketing efforts after app launch. The two distinct mechanisms

demonstrate the app’s usefulness for both hospitals that are experiencing long queues and those

underutilized.

Interacting hospital tiers with day-of-week provides further evidence that avoiding over-

crowding is an important factor in patients’ hospital choice. Figure 8 plots the coefficient

estimates for the interaction terms of hospital tiers and day-of-week. Tier-three hospitals see

a larger increase in visits and registrations on weekends, while tier-two hospitals experience

consistent increases across the entire week. A 4.8% weekend increase in offline registrations

in tier-two hospitals similarly implies that the app’s effect may spill over to offline patients.

Using the supplementary app-user data, Figure 9 presents consistent evidence of the reduction

of waiting time following subsequent app launches. The reduction is large and stable across the

week when the new app is adopted by a tier-two hospital, while only statistically significant on

the weekend when the new app’s adoption is by a tier-three hospital.

We present further evidence using the supplement app-user data in Table A12, which shows

1. All of our results in this section are qualitatively unchanged if we exclude the large tier-two hospital.
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that, for those who have made at least one registration on the app, the in-app waiting time

is reduced by 5 hours after a tier-two hospital adopts the app, but only by 0.7 hours after

tier-three hospital adoption. This suggests that less busy tier-two hospitals are better able to

“attract away” patients than crowded tier-three hospitals are.

5.3 Hospital-Department Choice

With evidence pointing to changes in hospital choice following app launch, a natural question

is whether patients have been induced to make the “right” choice. Though logically unlikely, if

a patient with a severe medical condition places too much weight on convenience and visits a

low-quality hospital after being informed by the app that high-quality hospitals are crowded,

the app would add to the misalignment of healthcare supply and demand, at least for that

patient. Unfortunately, without detailed health outcome data and individual choice data, we

are unable to directly examine this issue. Instead, we look for suggestive evidence in hospital-

department visits by exploring the variation in severity of the medical conditions treated by

different departments.

Specifically, we map the ambulatory-care-sensitive conditions listed by Shigeoka (2014) to

the departments of endocrinology, cardiology, pulmonary, urology, cardiothoracic surgery, and

orthopedics and refer to them as “more severe” departments. We then categorize ophthalmol-

ogy, otolaryngology, dermatology, dentistry, health promotion, rehabilitation, nutrition, and

Chinese medicine into “less severe” departments. We estimate Equation 4 separately for the

two categories, excluding the uncategorized departments from the analysis.

Figure 10 plots the coefficient estimates for hospital tiers separately for each category of

departments, and their 90% confidence intervals. For tier-two hospitals, whose designated role is

front-line primary care providers, the less severe departments experience 15.6% increase in visits

and 14.2% increase in registrations, whereas registrations drop by 5% (statistically insignificant)

and visits remain almost unchanged for the more severe departments. For tier-three hospitals,

although total visits increase for both categories, the largest increase occurs in the more severe

departments (18.9%). Cancellation rate also takes the largest dip (4.9%) in these departments,

implying a much shortened queue, which promotes an increase of 14.6% in offline visits. Across

the board, the app appears to serve as a self-triage mechanism and direct patients to visit the

“right” hospital based on their medical conditions.
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6 Conclusion

Our study shows that an inexpensive, lightweight, and non-intrusive “soft” IT innovation simul-

taneously improves hospital operations and the alignment of healthcare supply and demand. In

2015, Chinese hospitals received more than three billion outpatient visits.2 Holding the supplied

resources fixed, even a tiny percentage increase in total visits could imply a radical improvement

in healthcare access and efficiency; our estimates of the app’s effect in increasing total visits is

9.5%. Therefore, we believe that the app could be categorized as a “Type I” intervention in

Chandra and Skinner (2012) typology – namely, a cost-effective “home run” innovation with

the potential to benefit a large population.

Given the severe rationing problem and extremely out-of-date appointment booking process

in Chinese hospitals, one might argue that the app simply picks up “low-hanging fruit.” We

would argue, however, that there is a lot of low-hanging fruits in the healthcare system of de-

veloping and even developed countries. These are places in which simple economic mechanisms

and technological interventions can go a long way toward improving the quality of life. They

warrant more research.

We close by discussing three possible extensions. First, the caveat of aggregate data implies

that we cannot definitively assert that the net increase in registrations in tier-two hospitals is

because some patients switch from crowded tier-three hospitals and other non-adopting hospi-

tals, or due to newly generated demand for medical services. This is, however, an important

question on the app’s scalability: “what if all hospitals in the medical system adopt such an

app.” In the extreme case that the net increase is purely from patients who switch from other

non-adopting hospitals, the app’s effect on tier-two hospitals will diminish to zero when all

hospitals adopt this app, implying that tier-two hospitals’ app launches are business-stealing

social waste. Individual choice data are necessary to assess the extent of business-stealing.

Second, our analysis, in large part, ignores the app’s two-sided nature and focuses primarily

on the demand side. In the partially privatized Chinese healthcare market – and especially if

the app can empower tier-two hospitals to gain market share from competitors – one would

expect that market structure plays a role in the app’s adoption and diffusion. An extension in

this direction would require data with universal coverage of multiple local healthcare markets.

Last but not least, an IT-based medical intervention runs the risk of creating new social

inequalities based on technological savvy. In terms of this particular app, using aggregate

patient demographic data to examine responses from different age groups, our results seem to

2. Source: (In Chinese) National Health and Family Planning Commission of the People’s Republic of China
http://www.nhfpc.gov.cn/guihuaxxs/s10748/201607/da7575d64fa04670b5f375c87b6229b0.shtml.
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suggest otherwise. For those age 60 and above, the app increases their visits by over 8%, largely

from increased offline registrations (Appendix Table A14). It appears that even though elderly

patients are not as active in using the app, they benefit from the shortened queues in adopting

hospitals. However, the aggregate data are too sparse to answer this question definitively.
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TABLE 1
Comparison of Hospital Performance by Hospital Tier

(1) (2) (3)
Hospital Tier Tier 3 Tier 2 Tier 1

Number of Hospitals 1954 6850 7009
Patients per Hospital 715478 167458 26363
Physicians per Hospital 341 93 16
Nurses per Hospital 524 129 17
Bed Utilization (percent) 101.8 87.9 60.1
Revenue per Hospital (million CNY) 663 101 11
Expenditure per Hospital (million CNY) 631 97 10
Outpatient Registrations Fee (USD) 2.6 1.3 1

Source: China Health Statistical Yearbook 2015.
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TABLE 2
Descriptive Statistics Of Hospital Operation Data

Mean Mean Mean Difference

Panel A: Adopter-Non-adopter Comparison for All Hospitals

Variable All Non-adopter Adopter Adopter –
Non-adopter

All Hospitals (22 Hospitals)
Daily Visits 1634 1498 1846 348
Daily Registrations 1887 1668 2228 560
Daily Cancellation Rate 0.120 0.103 0.146 0.043
Observation 29731 18132 11599
% of Days with App Launched 0.171 0.439

Tier-three Hospitals (8 Hospitals)
Daily Visits 2766 2719 2813 94
Daily Registrations 3196 2986 3413 427
Daily Cancellation Rate 0.134 0.091 0.178 0.088
Observation 10976 5579 5397

Tier-two Hospitals (14 Hospitals)
Daily Visits 971 955 1003 48
Daily Registrations 1120 1082 1196 114
Daily Cancellation Rate 0.112 0.109 0.118 0.009
Observation 18755 12553 6202

Panel B: Before-After Comparison for Adopters

Variable Adopter Before After After – Before
All Adopters (9 Hospitals)
Daily Visits 1846 1704 2026 322
Daily Registrations 2228 2153 2323 170
Daily Cancellation Rate 0.146 0.170 0.116 -0.054
Observation 11599 6509 5090

Tier-three Adopters (4 Hospitals)
Daily Visits 2813 2582 3142 559
Daily Registrations 3413 3311 3559 248
Daily Cancellation Rate 0.178 0.219 0.120 -0.099
Observation 5397 3167 2230

Tier-two Adopters (5 Hospitals)
Daily Visits 1003 872 1157 285
Daily Registrations 1196 1056 1360 304
Daily Cancellation Rate 0.118 0.123 0.112 -0.011
Observation 6202 3342 2860

Notes: All descriptive statistics are tabulated from hospital-level daily operation data, which contain 22 hospi-
tals. Emergency room admissions are excluded. Panel A compares non-adopters and adopters, while Panel B
compares the before and after for the adopters. Statistics for tier-three and tier-two hospitals are listed sepa-
rately. See Section 3 for details on variable definitions.
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TABLE 3
Benchmark Results

(1) (2) (3) (4) (5) (6)
Total Offline

VARIABLES Visits Registrations Cancellation
Rate

Visits Registrations Cancellation
Rate

Panel A: Non-Emergency Departments

App 0.095*** 0.048*** -0.034*** 0.005 -0.044*** -0.036***
(0.014) (0.014) (0.006) (0.014) (0.013) (0.006)

Observations 29,731 29,731 29,731 29,731 29,731 29,731
R-squared 0.801 0.817 0.663 0.797 0.813 0.663
Hospitals 22 22 22 22 22 22
Month FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES
Hospital FE YES YES YES YES YES YES

Total

VARIABLES Visits Registrations Cancellation
Rate

Panel B: Emergency Room

App 0.008 0.006 -0.001
(0.032) (0.030) (0.006)

Observations 19,732 19,732 19,732
R-squared 0.894 0.903 0.519
Hospitals 15 15 15
Month FE YES YES YES
Year FE YES YES YES
Hospital FE YES YES YES

Notes: Panel A is for all departments except for the emergency room (ER); Panel B is for the ER. In Panel B,
we exclude seven hospitals that either do not have an ER, or have fewer than 10 daily ER admissions for more
than half of the sample period. Numbers of registrations and visits are in logarithm. The dependent variable
in Column (1) is the log total daily visits, and in Column (2) is the log total appointments registered through
the offline channel, i.e., excluding registrations made through the app. Column (3) is the total appointment
cancellation rate calculated as total registrations−total visits

total registrations
. Dependent variables in Column (4) to (6) are offline

counterparts. App is the dummy that switches to one after the app is launched in treatment hospitals. See de-
tailed definitions in Section 3. Robust standard errors clustered at the hospital-month level are in parentheses:
∗ ∗ ∗p < 0.01, ∗ ∗ p < 0.05, ∗p < 0.1
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TABLE 4
Descriptive Statistics By Days of the Week Before App Launch

VARIABLES Daily Visits Daily Registrations Daily Cancellation Rate

Mean S.D. Mean S.D. Mean S.D.

Monday 1,865 1,600 2,200 1,838 0.134 0.0904
Tuesday 1,632 1,439 1,902 1,625 0.128 0.0843
Wednesday 1,558 1,326 1,830 1,520 0.130 0.0891
Thursday 1,538 1,294 1,797 1,487 0.126 0.0840
Friday 1,547 1,310 1,803 1,499 0.125 0.0800
Saturday 1,320 1,070 1,549 1,258 0.120 0.0887
Sunday 1,002 699.4 1,174 877.2 0.116 0.0908

Weekdays 1,630 1,405 1,909 1,608 0.129 0.0857
Weekends 1,160 915.9 1,360 1,099 0.118 0.0898

Notes: This table shows hospital summary statistics broken down by days of the week for the year 2013.

23



FIGURE 1
Screenshots of the App

Notes: This figure shows the screenshots of the app’s basic functionality. The left panel shows the visual guidance
to help match the patient’s illness symptom to a hospital department. The middle panel guides the patient to
the appropriate department. The right panel allows patients to browse on-duty physicians’ available hourly slots
and make appointments for the next two weeks.
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(A) Total Visits

(B) Total Registrations

FIGURE 2
Testing the Parallel Trends Between Adopting and Non-Adopting Hospitals

Before the Treatment

Notes: The figure tests whether there exist differential pre-existing trends between adopting and non-adopting
hospitals in the pre-app period from January 2013 to July 2014. The regression specification is yit = α+βAppTit+
λi+λt+εit, where T ∈ {Apr2013,May2013, ..., Apr2014}, and AppTit is a placebo dummy that switches to one for
adopting hospitals after month T . Each bar represents the estimated β, coupled with the 90% confidence interval.
Shaded dashed lines represent the estimated effect of actual app launch in the full sample period, obtained from
Table 3. Regression details are reported in Table A1.
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(A) Total Visits

(B) Total Registrations

FIGURE 3
Comparing the Dynamic Response Between Adopting and Non-Adopting

Hospitals Before and After the Treatment

Notes: The figure estimates the dynamic effect of the app on the hospital’s total visits and total registrations.
The regression specification is yit = α +

∑
Q β

QAppQit + λi + λt + εit, where Q ∈ {−5,−4, ..., 6} where AppQ is

the dummy indicating the Qth quarter from the actual app launch. App1 is the dummy for the first three months
after the app launch, and App6 is the dummy for all subsequent months after the 6th quarter following the actual
app launch. All quarterly lags and leads remain zero for control hospitals. Solid dots in the figure are estimated
coefficients β−5 to β6, coupled with 90% confidence intervals. All regressions include hospital fixed effect, year
fixed effect, and month fixed effect. Regression details are reported in Table A2.
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(A) Visit

(B) Registration

(C) Cancellation Rate

FIGURE 4
Robustness Analysis with Subsamples

Notes: The figure checks the robustness of our benchmark results in Table 3 by re-estimating Equation 1 on
different subsamples. Each bar represents the estimated β, coupled with the 90% confidence interval. Subsample
1 drops three specialty hospitals. Subsample 2 drops the weekend observations. Subsample 3 restricts the sample
to hospitals in the provincial capital. Subsample 4 drops the observations before September 3, 2013 to ensure a
balanced panel. Subsample 5 restricts to only the adopting hospitals. Regression results are reported in Table A3.
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(A) Visits

(B) Registrations

(C) Cancellation Rate

FIGURE 5
Heterogeneous Effect by Days of the Week

Notes: The figure estimates the heterogeneous effect of the app across different days of the week. We run
yit = α+ βDOWAppit×DOWt + βOtherAppit×Othert +λi +λt + εit on hospital-level data, where DOWt is the
dummy for a given day of week, and Othert is the dummy for other days of the week. Shaded bars are estimated
βDOW , coupled with 90% confidence intervals. Regression results are reported in Table A4 (total) and Table A5
(offline).
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FIGURE 6
Waiting Time Reduction by Days of the Week

Notes: The figure estimates the heterogeneous effect of new app adoption on reducing mobile waiting time across
different days of the week. We estimate wijt = α+βDOWNewijt×DOWt+βOtherNewijt×Othert+λi+λj+λt+εijt
on app-usage data, where wijt denotes the waiting time on the mobile waiting list, and Newijt denotes the number
of new apps adopted in city j at time t since patient i’s first online appointment. DOWt is the dummy for a
given day of the week, and Othert is the dummy for other days of the week. Shaded bars are estimated βDOW ,
coupled with 90% confidence intervals. Regression results are reported in Appendix Table A6.
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FIGURE 7
Heterogeneous Effect by Hospital Tier

Notes: This figure estimates the heterogeneous effect of the app across hospitals of different size. We run
yit = α+βTierTowAppit×T ierTwoi +βTierThreeAppit×T ierThreei +λi +λt + εit on hospital-level data, where
T ierThreei and T ierTwoi are dummies for tier-three and tier-two hospitals, respectively. Lighter shaded bars
are estimated βTierTow, while darker shaded bars are estimated βTierThree, both coupled with 90% confidence
intervals. Regression results are reported in Table A7.
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(A) Visits

(B) Registrations

(C) Cancellation Rate

FIGURE 8
Heterogeneous Effect by Days of the Week and by Hospital Tier

Notes: This figure estimates the heterogeneous effect of the app across hospitals of different tiers and across
different days of the week. We run yit = α+β1DOWt×T ierTwoi+β2DOWt×T ierThreei+β3DOWt×T ierTwoi×
Appit+β4DOWt×T ierThreei×Appit+β5Othert×T ierTwoi×Appit+β6Otheri×T ierThreei×Appit+λi+λt+εit
on hospital-level data, where DOWt is day of the week dummy, and T ierThreei is dummy for tier-three hospitals.
Lighter shaded bars are estimated β3, and darker shaded bars are estimated β4, both coupled with 90% confidence
intervals. Regression details are reported in Appendix Table A8 (visits), Table A9 (registrations), and Table A10
(cancellation rate).
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FIGURE 9
Waiting Time Reduction by Days of the Week and by Hospital Tier

Notes: This figure estimates the heterogeneous effect of new app adoption in tier-two and tier-three hospitals on
reducing mobile waiting time across different days of the week. We run wijt = α+ β1DOWt + β2New

TierTwo
ijt ×

DOWt + β3New
TierThree
ijt ×DOWt + β4New

TierTwo
ijt × Othert + β5New

TierThree
ijt × Othert + λi + λj + λt + εit

on app-usage data, where NewTierTwo
ijt is the number of new apps adopted by tier-two hospitals, NewTierThree

ijt

is the number adopted by tier-three hospitals, DOWt is day of the week dummy, and Othert is other days of the
week dummy. Lighter shaded bars are estimated β2, while darker shaded bars are estimated β3, both coupled
with 90% confidence intervals. Regression results are reported in Table A11.
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(A) Visits

(B) Registrations

(C) Cancellation Rate

FIGURE 10
Heterogeneous Effect by Type of Department and by Hospital Tier

Notes: This figure estimates the heterogeneous effect of the app across different types of departments and across
hospitals of different tiers. We run yit = α+βTierTwoAppit×T ierTwoi+βTierThreeAppit×T ierThreei+λi+λt+εit
on hospital-level data from two types of departments: less serious, and more serious. T ierThreei and T ierTwoi
are dummies for tier-three and tier-two hospitals, respectively. Light shaded bars are estimated βTierTwo and
dark shaded bars are estimated βTierThree, both coupled with 90% confidence intervals. Regression results are
reported in Table A13. Department categories are defined in Section 5.3.
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