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Abstract
In many professional service organizations (PSOs), a single server such as a physi-

cian or lawyer delivers services to customers across multiple channels. In these set-

tings, there exists a risk that work obligations encroach on the personal lives of the

servers. We empirically examine this concern in the primary care setting of physi-

cians providing care to patients following the introduction of a new service deliv-

ery channel, e-visits. Our data cover an 8.5-year timespan and include 3.3 million

patient encounters, including about one million e-visits. We find that e-visit adop-

tion nearly doubles the number of hours containing work (defined as office visits

or e-visits) each week. Of the additional hours containing such work, only 49% are

in weekday business hours; the rest are in weekday evenings or early mornings

(37%) and on weekends (14%). We also show that increases in office or e-visit

workloads lead to more post-workday activity in the e-visit channel. We conclude

the analysis by examining the impact of these workloads on e-visit work content,

as measured by the number of words and amount of time spent on each e-visit; we

estimate precise but practically small effects of workload on these work content

outcomes.
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1 | INTRODUCTION

Technology has changed the way that professionals
deliver services. Rather than interacting with their clients
only in the office, business people also engage with their
clients via phone calls, virtual meetings, and emails. Edu-
cators teach classes in-person and online, hold office
hours, and deal with emails. Moreover, physicians and
nurses see their patients in office visits but also provide
care through synchronous and asynchronous digital inter-
actions, via video and online channels. These types of
care fall under the broad umbrella of telemedicine, and its
use has risen rapidly since its introduction (Dorsey &
Topol, 2016). More specifically, they fall under the newer

model of multichannel care that has come to permeate
healthcare service delivery.

A common bind among these types of multichannel ser-
vices is that they are professional services warranting unique
operations management models (Lewis & Brown, 2012).
Professional services are defined in Harvey, Heineke, and
Lewis (2016) as services that include high levels of customer
contact, with significant face-to-face interactions and consul-
tations (a second part of the definition requires that profes-
sionals dictate both the outcome and means of the process at
stake, in part due to information asymmetry between the
server and client). A physician satisfies these conditions, for
example, because she has significant contact with her
patients and makes key decisions about both the care out-
come and its process.
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Prior literature in operations management has focused on
various aspects of managing PSOs such as server collabora-
tion (Senot, Chandrasekaran, & Ward, 2016), the impact of
task variety on learning and productivity (Avgerinos &
Gokpinar, 2018), and compensation structures (Goodale,
Kuratko, & Hornsby, 2008). In this article, we detail the
unique challenges faced by professional primary care servers
(physicians) in a multichannel setting. We focus on the
introduction of e-visits, a technological channel enabling
secure messaging between patients and physicians. Our goal
is to investigate several hypotheses regarding the impact of
multichannel services on physicians' workflow, workload,
and work content.

Using technology to deliver services has many advan-
tages, including enhanced convenience for the customer.
Travel time is saved when clients do not have to drive to
legal offices, students can gain clarity by emailing their
teachers over the weekend, and patients benefit from receiv-
ing care from the comfort of their homes (Dorsey et al.,
2013). From an operational perspective, the lack of coordi-
nation on time and place needed between servers and clients
for technologically provided services is appealing (Berry,
2006). The ability to use one resource for multiple work-
streams is also attractive as it minimizes slack during the
day. In theory, a lawyer could switch to answering emails on
days with few in-person meetings, and a physician can use
the time gained from a canceled appointment to conduct
e-visits. If such slack time is not adequate, however, the pro-
fessional will need to carve out time from her leisure hours
to accommodate the new service needs. The workload and
workflow implications are a priori not obvious, and thus
these new channels of service raise concerns.

In this article, we hypothesize and empirically investigate
three concerns regarding the introduction of a technological
channel of service delivery in the PSO setting of primary
care. Each of the concerns, we investigate is related to one
of three streams of literature within operations management
on which we build. These concerns (and associated hypothe-
ses) are the following. First, do physicians experience “work
creep” or “work after work”1 (Kossek, 2016; Schieman &
Glavin, 2008) upon the introduction of a technological ser-
vice channel? Specifically, this question arises because ser-
vice channels using technology can frequently be delivered
online and thus at home. Second, how do the daily work-
loads in the office visit and e-visit channels interact to affect
work creep? For example, a day with many office visits or e-
visits leaves less time for the physician to respond to e-visits
during the day; this will increase the likelihood of the physi-
cian working late. Third, how do these workloads affect
work content? For example, if physicians conduct e-visits
after a long workday, they may be tired and more prone to
cutting corners. The objective of our research is to

empirically test for the presence of these concerns and mea-
sure the sizes of their associated effects.

We next outline the streams of literature on which we
build. First, as mentioned, we build on the PSO literature by
examining how a new service channel using technology
affects the server's workload, workflow, and work content.
The professional setting is important because it implies that
the professional must herself deliver service via the new
channel instead of offloading it to another server. This idea
of a single server dealing with multiple channels as they
become introduced is new and contrasts with much of the
current literature, which has focused more on how new ser-
vice channels affect “non-professional” servers such as those
in retail (Bell, Gallino, & Moreno, 2014; Gallino & Moreno,
2014; Gao & Su, 2016). The professional setting is also
unique because such servers typically have control over
much of their workflow (Harvey, 1990), forcing them to
individually reoptimize their workflow when a new service
delivery channel is introduced. Additionally, the PSO
setting—and particularly the physician setting—implies that
we should not anticipate large reductions in work content
even when workload is high, because professionals have
strong norms to prioritize their clients' needs above their
own (Harvey et al., 2016).

Second, because of this paper's focus on the impact of
technology on the physician's work-life balance, this
research is connected to an already developed and growing
body of work on “techno-stress” (Ayyagari, Grover, &
Purvis, 2011; Ragu-Nathan, Tarafdar, Ragu-Nathan, & Tu,
2008). This term signifies the stress created as a result of
information and computer technology use. Recent studies
document the “work–home interference” caused by commu-
nication technologies (Derks, van Duin, Tims, & Bakker,
2015), and the relationship between email load and work-
load stress (Barley, Meyerson, & Grodal, 2011; Stich,
Tarafdar, Stacey, & Cooper, 2019). In particular, this
research is about connectivity broadly and not only about
the number of hours spent on technology, motivating our
key outcome of hours containing work (not hours of work).
To this literature, we contribute new evidence using
timestamp data from a group of professionals deeply vulner-
able to techno-stress. This paper thus complements the broad
array of survey-based studies more prevalent in the litera-
ture, for example, Mano & Mesch, 2010 and Tarafdar,
Pullins, & Ragu-Nathan, 2015. In our particular setting of
healthcare, there are growing concerns about physician burn-
out due to the digitization of healthcare (New York Times,
2018; The New Yorker, 2018).

Third, this paper is connected to the literature on work-
load and how it impacts work patterns and work content
(Hopp, Iravani, & Yuen, 2007; Ibanez, Clark, Huckman, &
Staats, 2017). We review this literature in more detail as we
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formalize our hypotheses, but there has been much work on
how workload affects outcomes such as server speed (Kc &
Terwiesch, 2009) and work content (Oliva & Sterman,
2001). Within this literature, our contribution is to examine
the impact of workload in a multichannel service setting. In
particular, we examine the extent to which office and e-visit
workloads affect two outcomes: the likelihood that physi-
cians work after their typical workday hours and the work
content of their e-visits.

Next, we further detail our theoretical framework and
motivation for our hypotheses. We then detail our empirical
setting and analysis, which uses a data set on primary care
providers within a large U.S. health system. We continue by
reviewing our results, which we believe yield new insights
on the impact of technology on the work and personal lives
of professionals. We conclude with a discussion of these
results and their limitations, along with directions for
future work.

2 | THEORETICAL FRAMEWORK

2.1 | Multichannel service delivery in
professional service organizations

E-visits are a form of multichannel service delivery, a topic
of current research. Most of the current evidence on multi-
channel services is from retail (Gallino, Moreno, & Sta-
matopoulos, 2016; Gao & Su, 2017) or non-PSO services
(Campbell & Frei, 2010), however, which has different chal-
lenges that may not translate to PSOs (Lewis & Brown,
2012). In this section, we detail our PSO setting and its
unique features.

The setting of our study is primary care delivery in a
large and urban healthcare system. We chose this setting for
two reasons. First, primary care requires a professional
server, the physician or primary care provider, to handle
patient requests from all channels. This one-to-one match
between the server and customer, or physician and patient,
stems from the physician's expertise in delivering care to that
particular patient. This type of match is common in PSOs
but not in other services such as retail where each channel
can be handled by a different server.

Figure 1 illustrates this difference between two settings:
one with channel-specific servers and one with a single “pro-
fessional server” across multiple channels. With channel-
specific providers, different servers can independently serve
each channel. For example, consider retail. One set of
employees can handle in-person transactions at the retailers'
brick and mortar stores; another set can handle phone trans-
actions or customer service requests; and yet another set can
handle the web portal for online sales. The reason different
sets of employees can provide these services is because there
is little customer-specific expertise involved; the same item
can be purchased with equal quality by any channel, and
thus from any employee. PSOs such as primary care clinics
are different, however, as the same server must deal with
(or at least oversee) all channels of delivery. The reason this
distinction matters is because multichannel services may dis-
proportionately increase workload for professional servers,
leading to work stress via “work after work”. Of course, this
illustration does not capture all forms of professional and
non-professional services. For example, even within profes-
sional services such as those in finance, multiple servers

Examples

Server 1

Server 2

Server 3

Channel A

Channel B

Channel C

Server 1

Multichannel

Non -Professional Servers

Multichannel

Professional Server

Sales Associate

Web Developer

Call Center Rep.

In Store Sales

Online Sales

Customer Service

Physician

Office

Phone

e-Visit

Retail Primary Care

Channel A

Channel B

Channel C

FIGURE 1 Multichannel services
with channel-specific versus professional
servers
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including offshore servers may be used (Ellram, Tate, &
Billington, 2008).

A second feature of the primary care setting is the presence
of delayable channels of care such as e-visits, which can be
susceptible to invading a physician's leisure time. This level of
discretion that a physician has over her work content and
schedule is more common in PSOs (Harvey, 1990; Lewis &
Brown, 2012). The general goal with e-visits is that they can
be conducted during the slack capacity within a physician's
daily schedule; to the extent that such capacity does not exist,
however, e-visits can be completed in the post-workday period.
In this way, e-visits are very different from office visits. Most
patients would not request an office visit in the late evening
but may very well expect a response to an e-visit within the
day. Figure 2 schematically illustrates the two possible alterna-
tives that we investigate in this work for the setting of primary
care. Before e-visits, the physician would not be interacting
with patients after the workday, but after e-visits are intro-
duced, there are two possibilities. Either the physician is able
to respond to e-visits during the workday in her slack time

(left-hand-side), or she may have to deal with at least some of
the e-visits in her leisure time (right-hand-side).

In the next section, we develop our hypotheses. In fram-
ing and ultimately evaluating these hypotheses, we define
and use several variables that are described in Table 1.

2.2 | Research hypotheses

The introduction of new service delivery channels has been
studied in various settings in prior literature, and the focus has
generally been on customers. For example, research on the
banking sector shows that online customers tend to be younger
and more profitable (Hitt & Frei, 2002; Xue, Hitt, & Harker,
2007). Campbell and Frei (2010) find that the adoption of
online banking reduced the use of costly self-service delivery
channels (automated teller machines and voice response units),
as expected, but increased the use of certain high-cost service
delivery channels (in-person visits at branches and call centers).

In healthcare, Bavafa, Hitt, and Terwiesch (2018) exam-
ine exogenous e-visit adoption and document that it leads to

Workday Leisure

Workday Leisure Workday Leisure

e-Visit e-Visit e-Visite-Visit e-Visit e-Visite-Visite-Visit

Before e-Visits

After e-Visits

FIGURE 2 Physician workday and
leisure time before and after the
introduction of e-visits

TABLE 1 Variable definitions

Variable Description

Outcomes:

Hours containing workiw Number of hours in week w containing office or e-visits for physician i

e-visit after 5pmid Indicator for whether physician i sent an e-visit after 5 p.m. on day d

e-visit word countj Number of words in a physician-sent e-visit j

e-visit durationj Minutes spent by the physician sending e-visit j

Controls:

e-visit intensityiq Number of physician i0s e-visits in quarter q
Number of physician i0s office visits and e-visits in quarter q

Office visit workloadid Number of physician i0s office visits on day d
Physician i0s average number of daily office visits for the year

e-visit workloadid Number of e-visits sent to physician i on day d
Physician i0s average number of daily office visits for the year

Late e-visitj Indicator for whether the physician sent e-visit j after 5 p.m.

Office visitsiw Number of office visits conducted by physician i in week w

λw Vector of dummies for week-of-sample

λd Vector of dummies for day-of-week, month-of-year, and year
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a 6% increase in subsequent office visits for patients (and
15% fewer new patients for physicians), with no obvious
benefits in metrics of patient health. The authors list three
potential reasons that can lead to this “trigger” effect. First,
e-visits are a low-cost channel enabling patients to bypass
the gatekeepers in the practice (e.g., nurses and administra-
tive staff) and directly reach the physician; more e-visit con-
tact with the physician can lead to more office visits.
Second, e-visits may provide the patients and physicians
with insufficient and ambiguous information, which can
result in information-seeking behavior that increase the like-
lihood of an e-visit being followed by a phone or office visit
(Leckie, Pettigrew, & Sylvain, 1996). Third, e-visits may be
particularly attractive for the “worried-well” patients who
overreact to minor symptoms and initiate visits with the phy-
sician (Wagner & Curran, 1984).

There are potential benefits for patients in having their
providers use technology and serve them in multiple chan-
nels of care, a factor that we do not consider in the present
analysis. For example, research shows that use of health
information technology such as computerized physician
order entry and electronic health records lead to improved
patient satisfaction (Dobrzykowski & Tarafdar, 2015;
Queenan, Angst, & Devaraj, 2011) and quality of care
(McCullough, Casey, Moscovice, & Prasad, 2010; Yu et al.,
2009). Recent work also finds that hospital information tech-
nologies help providers tailor care to patient preferences
(Sharma, Chandrasekaran, Boyer, & McDermott, 2016)
especially for patients with complex medical conditions
(Miller & Tucker, 2011; Wani & Malhotra, 2018). There is
much other work on electronic health records related to our
study; in particular, papers have linked their adoption with
more hours of work and physician fatigue (Arndt et al.,
2017). Because our motivation is to study service delivery
channels in primary care, we focus on e-visits; these online
visits are the service channel component frequently accom-
panying electronic health records adoption.

In the present study, our focus is on the servers rather
than customers; we seek to understand the impact of e-visits,
a new service delivery channel, on the work-life balance of
the servers (physicians) through “work creep” into their lei-
sure hours. The fact that e-visits can be delayed (at least
within the day) and are not constrained to the physical loca-
tion of the practice generates concerns about the potential
for work spilling into the post-workday period, that is,
“work after work”. When the amount of delayable work
increases, the resource, in our case physicians, have two
ways of coping with the increase. They can either work more
hours or increase their processing rate.

Consider the hours containing work first. Our first two
sets of hypotheses indicate that the additional service deliv-
ery channel of e-visits will increase the number of hours

containing work (Hypotheses 1a and 1b), and that increases
in the workload of either channel in a given day will lead to
a greater probability of the physician sending an e-visit in
those evenings (Hypotheses 2a and 2b). These hypotheses
are listed below:

Hypothesis 1a A physician's e-visit use intensity is posi-
tively associated with the number of hours containing work.

Hypothesis 1b The relationship between e-visit intensity
and the number of hours containing work is positively mod-
erated by hours outside the workday.

Hypothesis 2a Office visit workload in a given day is posi-
tively associated with the probability that e-visits are con-
ducted that evening.

Hypothesis 2b E-visit workload in a given day is positively
associated with the probability that e-visits are conducted
that evening.

These hypotheses build on the conceptual model in
Figure 1, which shows why PSOs might be particularly vul-
nerable to increased work following multichannel service
adoption because the same server must deal with all channels.
There is no reason a priori to believe that e-visits should
reduce the workload in the other channels to compensate, and
as mentioned, the opposite is true based on the prior work of
Bavafa et al. (2018). Therefore, the total amount of work
increases following the introduction of e-visits. The above
two sets of hypotheses shed light on whether this additional
work is being done during the slack time or whether it inter-
rupts the leisure time of physicians. Given the substantial
level of physician autonomy, much like many other PSO set-
tings (Harvey, 1990), it could be that physicians are able to
anticipate workload and rearrange their schedules to avoid
work creep. Therefore, finding that workload causes physi-
cians to work late suggests they are not able to contain their
e-visit responsibilities within the workday.

Of course, physicians may work after hours even with a
single channel of care delivery for other tasks unobservable
to the researcher, for example, reviewing patient histories or
studying clinical guidelines. The present study focuses on
work creep directly related to e-visit use, and we acknowl-
edge that this work creep likely occurs on top of other after-
hours work obligations of the physician. Additionally, to the
extent that physicians may have preferences for shifting
some work to the evenings, we will conduct a robustness
check regarding the timing of physician office visits as a
function of e-visit workload.

Note that we focus our analysis on the number of hours
in a week containing office or e-visits. We are interested in
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“work creep” controlling for workload, so we are interested
in the total number of hours containing work (and whether
any work is done in the evenings); not the total number of
hours worked. For example, if a physician had office visits
one day at 8:15 a.m., 10:30 a.m., and 4 p.m., and sent e-
visits the same day at 8:50 a.m. and 9:30 p.m., we would
say that the physician had 4 h containing work (8–8:59 a.m.;
10–10:59 a.m.; 4–4:59 p.m.; and 9–9:59 p.m.). The reason
we define hours containing work in this way is because it
provides a measure of how much these service channels per-
meate both the workday and the personal life of the
physician.

A few minutes of an e-visit late in the evening may not
seem like a lot of time compared to the typical duration of
office visits, but the technostress literature reviewed earlier
suggests that such a responsibility can constrain the physi-
cian's personal life and affect her level of burnout. Also, our
focus on the number of hours that contain office or e-visits
is motivated by the literature on the “autonomy paradox”:
that reliance on mobile email devices both increases and
diminishes professionals' autonomy (Mazmanian,
Orlikowski, & Yates, 2013). The outcomes studied in the
first two sets of Hypotheses aim to measure the extent to
which e-visits come with the “telepressure” that leads to
physicians being continuously connected to their practice
and not being able to take a break from work (Barber & San-
tuzzi, 2015; Olson-Buchanan & Boswell, 2006). In recent
work, Becker, Belkin, and Tuskey (2018) show that even
brief “micro-transitions” between work and non-work tasks
negatively affect employees' wellbeing as well as their rela-
tionships with their families. They also argue that the mere
expectation of monitoring work-related email after work
hours, irrespective of the amount of time spent on them,
leads to these negative outcomes.

Next, we consider how workload might yield a change in
the processing rate. Prior literature in operations manage-
ment studies how servers respond to workload, particularly
when servers have discretion over work content or sequence
(Ibanez et al., 2017; Song, Tucker, & Murrell, 2015). Sev-
eral papers have documented speeding up behavior in
response to workload among different tasks: patient trans-
portation within a hospital (Kc & Terwiesch, 2009), outpa-
tient care (Deo & Jain, 2019), emergency room care (Batt &
Terwiesch, 2016), inpatient care (Berry Jaeker & Tucker,
2016), customer email support (Hasija, Pinker, & Shumsky,
2010), and restaurant service (Tan & Netessine, 2014).

We now turn to outcomes related to work content.
Reducing work content, or cutting corners, is another mech-
anism for increasing the processing rate (Hopp et al., 2007;
Oliva & Sterman, 2001). In healthcare, servers could reduce
documentation (Powell, Savin, & Savva, 2012), prematurely
discharge patients (Kc & Terwiesch, 2012; Kim, Chan,

Olivares, & Escobar, 2014), or even forego anesthesia
(Freeman, Savva, & Scholtes, 2016). High workload has
also been shown to affect more extreme health outcomes
such as emergency room visits (Bavafa, Canamucio, Mar-
cus, Terwiesch, & Werner, 2019) and mortality (Kuntz,
Mennicken, & Scholtes, 2014). In this study, we use two
measures to capture the work content of an e-visit: the num-
ber of words written and the time the physician spent on the
activities associated with the e-visits. Our hypotheses are
that these metrics of work content will decrease with work-
load in either service channel:

Hypothesis 3a E-visit workload is negatively associated
with work content.

Hypothesis 3b Office visit workload is negatively associ-
ated with work content.

With these three sets of hypotheses, we turn our attention
to the data and empirical strategy.

3 | EMPIRICAL STRATEGY

3.1 | Data

The empirical setting of our study is the delivery of primary
care in a large healthcare system. The system provided us
with information on all primary care patient encounters
(office and e-visits) between January 2008, the year that
e-visits were introduced in the system, and July 2016.

The physicians in this system are not compensated for
providing e-visit access and are expected to respond within
48 h. While we do not analyze the patient characteristics in
this study, prior literature shows that e-visit adopters are
more likely to be male, White (as opposed to African-
American or Hispanic), high income, and have more com-
orbidities (Bavafa et al., 2018; Yamin et al., 2011). The most
frequently discussed e-visit topics are medication, lab
results, and patient questions about symptoms (Byrne,
Elliott, & Firek, 2009; North et al., 2013). In our data, physi-
cians start using e-visits at different points in time, a feature
that we leverage in a robustness check using instrumental
variable analysis.

Table 2 shows summary statistics for the sample. We
observe about 3.3 million visits, of which 70% are office
visits. Physicians also engage in a multitude of other activi-
ties, including filling out electronic records, phoning patients
and pharmacies, and interacting with other clinical staff;
since our focus is on primary care delivery models, we
obtained rich data on office visits and e-visits. We identify
physician e-visits (as separate from e-visits with other clini-
cal staff) using physician identifiers in the data. In 2016, an
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average physician-day contained about 12 office visits and
nine e-visits (4.45 sent and 4.31 received). Late evening
work was also prevalent: physicians send e-visits after 5 p.
m., 7 p.m., and 9 p.m. on 31%, 13%, and 7% of the days,
respectively.

Table 2 also contains information on the proxies of
e-visit work content. Each e-visit contains about 43 words
and takes 3.6 min to conduct. While we do not observe the
time spent handling an e-visit message directly, we can esti-
mate an upper bound for those e-visits that occur close to
other e-visits. If a physician sends an e-visit to patient A at
10:20 and to patient B at 10:22, we infer that 2 min were
spent on the e-visit to patient B. We provide robustness ana-
lyses for the maximum amount of time we allow to be spent
on each e-visit, ranging from four to 10 min.

Figure 3 shows the distributions of office and e-visits
for an average physician-day. Office visits have a double-
hump shape with peaks in the morning and afternoon
periods, and there is no office visit activity after 8 p.m. E-
visit activity has peaks in the morning and lunchtime,
with a long end-of-workday tail that goes past midnight.
Thus, in our analysis, each day starts at 4 a.m. and ends at

3:59 a.m. because the post-midnight activity is most
likely reflective of the previous day's work. The specific
cutoffs we choose do not affect the main results, as rela-
tively few e-visits occur at these middle-of-the-night
hours.

3.2 | Econometric specifications

We have three econometric specifications, one for each set
of hypotheses. For Hypotheses 1a and 1b, we aggregate the
data at the physician-week level to examine how the inten-
sity of physician e-visit use affects the number of hours in a
week containing any office or e-visit activity. We use the
following specification:

yiw = αi + β1e-Visit Intensityiq+ β2 OfficeVisitsiw+ λw+ ϵiw,

ð1Þ

where yiw is the number of hours in week w in which we
observe physician i conducting office or e-visits. We use
weeks in which the physician has at least one office visit
(so as not to conflate our analysis with absent weeks), so yiw
takes values between 1 and 168. Recall our example that if a
physician had office visits 1 day at 8:15 a.m., 10:30 a.m.,
and 4 p.m., and sent e-visits the same day at 8:50 a.m. and
9:30 p.m., we would say that the physician had 4 hours con-
taining work (8–8:59 a.m.; 10–10:59 a.m.; 4–4:59 p.m.; and
9–9:59 p.m.).2

The coefficient vector α captures physician-fixed effects.
The regression also includes a dummy for each week in the
data, captured by λw coefficients. The variable Office Visitsiw
controls for the number of office visits in week w, and
e-Visit Intensityiq is the percentage of physician visits that
are e-visits, defined at the quarterly level:

TABLE 2 Summary statistics

Mean SD N

Physicians 368

Patients 313,655

Visits 3,345,525

Office visits 2,376,351

e-visits 969,174

Sent by physician 486,353

Sent by patient 482,821

2016 daily work variables

Office visits 12.05 6.37 16,386

e-visits

Sent 4.45 4.73 16,386

Received 4.31 4.13 16,386

P[sending e-visit after 5 p.m.] 0.31 0.46 16,386

P[sending e-visit after 7 p.m.] 0.13 0.34 16,386

P[sending e-visit after 9 p.m.] 0.07 0.25 16,386

e-visit content characteristics

Number of words 42.72 44.19 486,353

Minutes spent on message 3.56 2.60 135,159

Note: e-Visit characteristics are for e-visits sent by physicians. The observations
for the daily work variables are at the physician-day level for 2016, the year for
which we have data from January through July. The observations for the e-visit
characteristics are for each visit; the observation count for the minutes spent on
each e-visit is smaller because the duration can only be imputed for e-visits
conducted in a batch.

FIGURE 3 Distribution of office and e-visits (sent) throughout
the day. Plot uses data from 16,386 physician-days in 2016
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We use a quarterly measure to obtain a more stable measure
of e-visit use and show robustness to the time period used in
this calculation. The measure excludes the week of observation
to avoid a mechanical relationship between the e-visit intensity
and office visit variables. The coefficient of interest is β1, and
because we include physician and time-fixed effects, the identi-
fication is driven by a within-physician design.

For Hypotheses 2a and 2b, we use data at the physician-
day level to estimate the impact of daily office and e-visit
workloads on the probability of physicians sending e-visits
outside work hours. Daily office and e-visit workloads of
physician i on day d are defined as:
where the denominator is year-specific to accommodate
changes in physician schedules. The sample includes days

in which at least one office visit occurred (so as not to
conflate absence with zero workload), and the average is
calculated on this same sample. Both workload variables
have the same denominator because the purpose of this
definition is to normalize the workload variables to a com-
mon value. We also conduct robustness checks to these
workload definitions.

The regression specification for testing Hypotheses 2a
and 2b is the following:

e-Visit after 5pmid = αi + β1
e-VisitWorkloadid + β2 OfficeWorkloadid + λd + ϵid,

ð5Þ

where the dependent variable is an indicator for whether
the physician sent e-visits after 5 p.m.; we also show results

using later cutoffs, for example, 8 p.m. We include
physician-fixed effects (αi) and control for time trends
using day of the week-, month-, and year-fixed effects (λd).
The coefficients of interest are β1 and β2.

Hypotheses 3a and 3b concern e-visit work content, so
we use data at the e-visit level. We estimate the following
regression specification for each e-visit j, by physician i, on
day d:

yj = αi + β1 e-VisitWorkloadid + β2

e-VisitWorkloadid ×Late e-Visitj
+ β3 OfficeWorkloadid + β4 OfficeWorkloadid

×Late e-Visitj + λd +Xj + ϵj, ð6Þ

e-Visit Intensityiq =
Number of physician i0s e-visits in quarter q

Number of physician i0s office visits and e-visits in quarter q
: ð2Þ

OfficeVisit Workloadid =
Number of physician i0s office visits on day d

Physician i0s average number of daily office visits
, ð3Þ

e-Visit Workloadid =
Number of e-visits sent to physician ion day d

Physician i0s average number of daily office visits
, ð4Þ

where yj represents our measures of work content: the num-
ber of words in a physician-sent e-visit and the duration of
time spent conducting the e-visit. The model also includes
day of week, month, and year-fixed effects (λd). The variable
Xj includes fixed effects for the hour of the day in which the
physician sent the e-visit, motivated by the empirical pattern
in Figure 4. For the second outcome, Xj also includes a con-
trol for the number of words in the physician's e-visit to help
decompose the hypothesized mechanisms: cutting corners
(using fewer words) versus speeding up (spending less time
per e-visit). By controlling for the word count, we can hold
this aspect of the e-visit constant and focus on whether phy-
sicians speed up. The coefficients of interest are β1 and β3.
We also examine whether the daily workloads affect work-
day e-visits more than e-visits sent in the evening (i.e., after
5 p.m.); these effects are given by β2 and β4.
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4 | RESULTS

We begin by describing the impact of e-visit intensity on
hours containing work. Table 3 shows the estimation results,
detailed in Equation (1). Column (1) shows the impact of
e-visit intensity on the number of hours in a week containing
office or e-visits. An average physician-week in the data has
35 office visits; assuming no e-visit use (as was the case in
2008), the physician interacted with patients in 14.2 hours.3

Average e-visit intensity for a physician in 2016 was 0.47
(i.e., 47% of visits were e-visits), and such a physician con-
ducted office and e-visits in 12.9 additional hours in 2016.4

Columns (2) through (4) show the source of these additional
hours: 49% are weekday business hours (8 a.m.-5 p.m.),
37% are other weekday hours, and 14% are weekend hours.

To the extent that some physicians have business hours
that regularly extend past 5 p.m., we analyze later time cut-
offs in Table 3. We also note that the regression estimates in
Table 3 include physician-fixed effects; if a physician
always has office or e-visits until 7 p.m., for example,
changes in the dependent variable will be identified only
from work after 7 p.m. With this estimation strategy, we can
be assured that the regression is not conflating predictable
physician schedules with work creep.

Table 4 shows the impact of office and e-visit workloads
on the probability of physicians working late. In column (1),
we observe that both office and e-visit workloads affect
whether the physicians send e-visits after 5 p.m. As shown
in columns (2) through (8), the effect of e-visit workload is
large and lasts even past midnight. The coefficient on e-visit
workload in column (1) implies that a unit increase in e-visit
workload is associated with a 34.5% greater likelihood of
sending an e-visit past 5 p.m. A unit change in e-visit work-
load is improbable; however, as the mean of this metric in
2016 is 0.40 and its SD is 0.44. To translate this coefficient
to the effect of a SD increase in e-visit workload, the impact
on the likelihood of sending e-visits after 5 p.m. would
be 15.2%.5

Similarly, a unit increase in office visit workload
increases the likelihood of the physician sending e-visits
after 5 p.m. by 4%. The SD of office visit workload in 2016
was 0.42. Therefore, a SD increase in office visit workload
increased the probability of sending e-visits after 5 p.m. by
1.7 percentage points.6

Next, we consider the impact of workload on e-visit
work content in Table 5. We observe statistically signifi-
cant relationships on both outcomes: higher office, and
e-visit workloads lead to physicians using fewer words per
e-visit (cutting corners) and spending less time per e-visit
(speeding up). The effect sizes are small, however. In

TABLE 3 The impact of e-visit use intensity on weekly working hours

Dependent variable

(1) (2) (3) (4)

Number of
hours (all)

Number of weekday business
hours (8 a.m.‑5 p.m.)

Number of weekday early/late
hours (5 p.m.‑8 a.m.)

Number of weekend
hours (Saturday and Sunday)

e-visit intensity 27.551*** 13.487*** 10.252*** 3.812***

(1.692) (1.003) (0.749) (0.270)

Number of office
visits in the week

0.405*** 0.330*** 0.054*** 0.021***

(0.010) (0.009) (0.003) (0.002)

Physician FEs ✓ ✓ ✓ ✓

Week FEs ✓ ✓ ✓ ✓

R-squared 0.917 0.919 0.757 0.465

Physician weeks 65,040 65,040 65,040 65,040

Note: Estimates are from OLS regressions. Robust SEs in parentheses are clustered by physician.
*p < .10, **p < .05, ***p < .01.

FIGURE 4 Number of words in e-visits sent by physicians by
hour of day. Plot uses data from 361,141 e-visits sent on weekdays
between 2008 and 2016
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column (1), the coefficient suggests that a one SD increase
in e-visit workload decreases the number of words in an e-
visit by 0.97 words, a 2.3% effect size.7 In column (3), we
observe a similar effect on e-visit duration: the physician
spends 5.4 fewer seconds per e-visit, a 2.5% effect size. In
column (4), we control for the number of words in the e-
visit to separate the effects of cutting corners and speeding
up. The estimate in this column suggests that physicians

spend less time per e-visit after accounting for them using
fewer words in each e-visit. The effects of office visit
workload are similar in both magnitude and direction. We
note that the relatively small results on work content are
not surprising in the context of the PSO literature, which
would predict that physicians will value work content over
their own leisure even when they are time constrained
(Harvey et al., 2016).

TABLE 5 The impact of office and e-visit workloads on e-visit work content

Length of e-visit (number of words) Minutes spent by physician on e-visit

Dependent variable (1) (2) (3) (4) (5)

e-visit workload −2.207*** −2.441*** −0.206*** −0.171*** −0.164***

(0.672) (0.769) (0.019) (0.019) (0.026)

Office workload −2.339*** −2.735*** −0.129*** −0.098*** −0.125***

(0.357) (0.379) (0.023) (0.022) (0.030)

e-visit workload × message sent after 5 p.m. 1.109 −0.028

(1.563) (0.068)

Office workload × message sent after 5 p.m. 2.007*** 0.091*

(0.598) (0.053)

Number of words 0.016*** 0.016***

(0.001) (0.001)

Physician FEs ✓ ✓ ✓ ✓ ✓

Hour of day FEs ✓ ✓ ✓ ✓ ✓

Year, month, and day of week FEs ✓ ✓ ✓ ✓ ✓

R-squared 0.116 0.116 0.045 0.102 0.102

Observations 362,587 362,587 94,821 94,821 94,821

Note: Estimates are from OLS regressions. Robust SEs in parentheses are clustered by physician.
*p < .10, **p < .05, ***p < .01.

TABLE 4 The impact of office and e-visit workloads on working late

Dependent variable: Physician sent e-visit after

5 p.m. 6 p.m. 7 p.m. 8 p.m. 9 p.m. 10 p.m. 11 p.m. 12 a.m.

(1) (2) (3) (4) (5) (6) (7) (8)

e-visit workload 0.345*** 0.237*** 0.163*** 0.122*** 0.092*** 0.055*** 0.023*** 0.006***

(0.028) (0.021) (0.020) (0.018) (0.015) (0.010) (0.006) (0.002)

Office workload 0.040*** 0.028*** 0.015*** 0.008*** 0.004*** 0.002* 0.001* 0.000

(0.005) (0.004) (0.003) (0.002) (0.001) (0.001) (0.001) (0.001)

Physician FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Year, month, and day of week FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

R-squared 0.295 0.217 0.173 0.156 0.143 0.126 0.130 0.144

Physician days 197,348 197,348 197,348 197,348 197,348 197,348 197,348 197,348

Note: Estimates are from linear probability models. Robust SEs in parentheses are clustered by physician.
*p < .10, **p < .05, ***p < .01.
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In columns (2) and (5) of Table 5, the workload variables
are interacted with whether the e-visit was sent after 5 p.m.
This analysis is motivated by Figure 4, where we observe
that the number of words per e-visit is larger after 5 p.m.
The estimates suggest that our results on the impact of office
visit workload on e-visit work content are mostly coming
from the e-visits that are sent during the day and that the late
e-visits (i.e., sent after 5 p.m.) are unaffected by office visit
workload. Also, e-visit workload appears to affect all e-visits
equally throughout the day.

5 | ROBUSTNESS

We conduct a variety of robustness checks to demonstrate
the stability of our key findings. In this section, we summa-
rize these analyses.

First, so far in our analysis, we do not account for phone
visits, a mode of communication that is common in primary
care. A key concern would be that e-visits may be replacing
phone visits, but Bavafa et al. (2018) show in a similar setting
and time period that e-visits cause more phone visits instead
of replacing them. Intuitively, this makes sense if patients use
e-visits for more minor concerns because the cost of sending
an e-visit is low; there is no explicit cost, and the only cost is
logging into a computer and sending the email. Physicians
may be concerned to diagnose an issue via an e-visit, how-
ever, so the e-visits lead to additional phone and office visits.

Still, to measure whether e-visits substitute phone visits,
we obtained data on phone visits from the health system in
our study. We did not include them in the main analysis
because phone visits do not carry timestamp: we only

observe the day on which a phone visit occurred. In
Tables 6 and 7, we reestimate the models in Tables 3 and
4, respectively, and show that our results are robust to the
inclusion of phone visits. We implement this analysis by
calculating phone workload analogously to our measures of
office and e-visit workloads.

Second, physicians as professionals have some leeway in
the amount of e-visits that they use, that is, they can encour-
age or discourage e-visit use by their patients. This can be a
potential source of concern due to selection bias. For exam-
ple, if physicians who encourage e-visit use have preferences
for working more, then perhaps the new channel of delivery
alone is not to blame for work creep. In our analysis,
physician-fixed effects address this concern to the extent that
such preferences are related to time-invariant physician fac-
tors, for example, general preferences for hours worked
(observed) or e-communication (unobserved). To address
any remaining concerns about time-varying physician char-
acteristics that correlate with her e-visit use, we employ an
instrumental variable estimation strategy following Bavafa
et al. (2018). In this model, we use the e-visit intensity of
peer physicians in a physician's department as an instrument
for the physician's e-visit intensity. Following the notation in
Equation (1), the first-stage equation for our two-stage least
squares (2SLS) estimation is given by:

e-Visit Intensityiq = αi + β1

e-Visit Intensity of Peer Physiciansiq
+ β2 OfficeVisitsiw + λw + ϵiw, ð7Þ

and the second-stage equation is:

TABLE 6 The impact of e-visit use intensity on weekly working hours (with phone visits)

Dependent variable

(1) (2) (3) (4)

Number of
hours (all)

Number of weekday
business hours
(8 a.m.‑5 p.m.)

Number of weekday
early/late hours
(5 p.m.‑8 a.m.)

Number of weekend
hours (Saturday and Sunday)

e-visit intensity 27.471*** 13.448*** 10.223*** 3.799***

(1.663) (0.987) (0.744) (0.269)

Number of office visits in the week 0.390*** 0.323*** 0.049*** 0.019***

(0.010) (0.009) (0.003) (0.002)

Number of phone visits in the week 0.030*** 0.015** 0.011*** 0.005***

(0.009) (0.007) (0.003) (0.002)

Physician FEs ✓ ✓ ✓ ✓

Week FEs ✓ ✓ ✓ ✓

R-squared 0.917 0.919 0.757 0.465

Physician weeks 65,040 65,040 65,040 65,040

Note: Estimates are from OLS regressions. Robust SEs in parentheses are clustered by physician.
*p < .10, **p < .05, ***p < .01.
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yiw = αi+ β1 de-Visit Intensityiq+ β2 OfficeVisitsiw+ λw + ϵiw,

ð8Þ
where de-Visit Intensityiq are the predicted values from the
first-stage regression in Equation (7).

The results of this estimation are in Table 8. Column
(5) shows that the instrument is a strong predictor of physi-
cian e-visit intensity: the instrument's F-statistic in the first
stage is 149, which is above the conventional threshold of
10 for weak instruments. In columns (1) to (4), the estimates

of e-visit intensity and the number of office visits in the
week are similar and not statistically different from the ones
presented in Table 3. These results provide assurance that
physician selection on the dimension of e-visit adoption does
not bias the results.

Third, we explore whether late office visits (e.g., con-
ducted after 5 p.m.), which might result from time-varying
or idiosyncratic physician scheduling needs, are systemati-
cally linked with the occurrence of late e-visits. The concern
would be that if we observe late e-visits only when the

TABLE 7 The impact of office and e-visit workloads on working late (with phone visits)

Dependent variable: Physician sent e-visit after:

5 p.m. 6 p.m. 7 p.m. 8 p.m. 9 p.m. 10 p.m. 11 p.m. 12 a.m.

(1) (2) (3) (4) (5) (6) (7) (8)

e-visit workload 0.343*** 0.235*** 0.162*** 0.121*** 0.092*** 0.055*** 0.023*** 0.006***

(0.028) (0.021) (0.020) (0.018) (0.015) (0.010) (0.006) (0.002)

Office workload 0.039*** 0.027*** 0.014*** 0.007*** 0.003** 0.002 0.001 0.000

(0.005) (0.004) (0.003) (0.002) (0.001) (0.001) (0.001) (0.000)

Phone workload 0.017*** 0.014*** 0.010*** 0.008** 0.006** 0.005** 0.004** 0.002*

(0.005) (0.004) (0.004) (0.003) (0.003) (0.002) (0.002) (0.001)

Physician FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Year, month, and day of week FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

R-squared 0.296 0.217 0.173 0.157 0.144 0.126 0.131 0.144

Physician days 197,348 197,348 197,348 197,348 197,348 197,348 197,348 197,348

Note: Estimates are from linear probability models. Average marginal effects are reported. Robust SEs in parentheses are clustered by physician.
*p < .10, **p < .05, ***p < .01.

TABLE 8 The impact of e-visit use intensity on weekly working hours (2SLS)

Dependent variable

(1) (2) (3) (4) (5)

Number of
hours (all)

Number of weekday
business hours
(8 a.m.‑5 p.m.)

Number of weekday
early/late hours
(5 p.m.‑8 a.m.)

Number of weekend
hours (Saturday and Sunday) First stage

e-visit intensity 25.791*** 14.696*** 7.703*** 3.392***

(3.006) (1.854) (1.264) (0.439)

Number of office visits in the week 0.401*** 0.329*** 0.052*** 0.020*** −0.000

(0.010) (0.009) (0.003) (0.002) (0.000)

e-visit intensity of peer physicians 0.610***

(0.050)

Physician FEs ✓ ✓ ✓ ✓ ✓

Week FEs ✓ ✓ ✓ ✓ ✓

R-squared 0.917 0.919 0.754 0.465 0.856

Physician weeks 65,040 65,040 65,040 65,040 65,040

Note: Columns (1)–(4) are from 2SLS regressions. Column (5) presents the estimates from the first stage. Robust SEs in parentheses are clustered by physician.
*p < .10, **p < .05, ***p < .01.
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physician anyways works late in the office, the estimated
effects are not indicative of work creep. In Table 9, we show
that the coefficients on e-visit workload are virtually
unchanged with the addition of a control for the number of
hours past 5 p.m. containing an office visit in a specific day
(i.e., if a physician's last office visit was at 7 p.m., this vari-
able would equal 2). We do observe, as expected, that the
addition of such a control absorbs some of the variation in
office visit workload. This analysis provides assurance that
the effects we document are not driven by the timing of
office visits, but rather by workload in the two channels
studied.

Fourth, as discussed earlier, one of the main features of
e-visits is their delayability. Therefore, it is possible that
physicians finish their office visits earlier to go home and
perhaps respond to some e-visits later in the day when it is
more convenient. We conduct two types of analysis to
empirically examine this possibility. First, using the specifi-
cation in (5), we use the time of the last office visit as the
dependent variable (e.g., if the last office visit was con-
ducted at 3:30 p.m., the dependent variable will be 15.5).
The result of this estimation, presented in column (1) of
Table 10, shows that the e-visit workload of the physician is
not linked with finishing office visits earlier. Second, we

TABLE 9 The impact of office and e-visit workloads on working late

Dependent variable: Physician sent e-visit after

5 p.m. 6 p.m. 7 p.m. 8 p.m. 9 p.m. 10 p.m. 11 p.m. 12 a.m.

(1) (2) (3) (4) (5) (6) (7) (8)

e-visit workload 0.345*** 0.237*** 0.163*** 0.122*** 0.092*** 0.055*** 0.023*** 0.006***

(0.028) (0.021) (0.020) (0.018) (0.015) (0.010) (0.006) (0.002)

Office workload 0.034*** 0.021*** 0.009*** 0.005** 0.004** 0.002* 0.001 0.000

(0.005) (0.003) (0.002) (0.002) (0.001) (0.001) (0.001) (0.001)

Hours past 5 p.m. with office visit 0.023*** 0.028*** 0.026*** 0.014*** 0.001 −0.000 0.001 0.000

(0.004) (0.004) (0.004) (0.004) (0.003) (0.002) (0.002) (0.001)

Physician FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Year, month, and day of week FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

R-squared 0.297 0.220 0.177 0.158 0.143 0.126 0.130 0.144

Physician days 197,348 197,348 197,348 197,348 197,348 197,348 197,348 197,348

Note: Estimates are from linear probability models. Robust SEs in parentheses are clustered by physician.
*p < .10, **p < .05, ***p < .01.

TABLE 10 The impact of office and e-visit workloads on the timing of the last office visit

Number of hours with office visits after

Hour of last office visit 3 p.m. 4 p.m. 5 p.m. 6 p.m. 7 p.m.

Dependent variable (1) (2) (3) (4) (5) (6)

e-visit workload −0.082 −0.006 −0.004 −0.005 −0.003 0.000

(0.076) (0.032) (0.021) (0.013) (0.007) (0.002)

Office workload 2.713*** 0.966*** 0.509*** 0.261*** 0.129*** 0.032***

(0.113) (0.062) (0.048) (0.032) (0.017) (0.006)

Physician FEs ✓ ✓ ✓ ✓ ✓ ✓

Year, month, and day of week FEs ✓ ✓ ✓ ✓ ✓ ✓

R-squared 0.403 0.333 0.250 0.206 0.198 0.171

Physician weeks 197,348 197,348 197,348 197,348 197,348 197,348

Note: Estimates are from OLS regressions. The dependent variable in column (1) is the time of the last office visit in the day. Column (2)–(6) study whether e-visit
workload is linked to the number of hours that the physician conducts office visits after 3 p.m.,…,7 p.m. SEs in parentheses are robust and clustered at the physician
level.
*p < .10, **p < .05, ***p < .01.
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look at whether e-visit workload is linked to the number of
hours that the physician conducts office visits after 3 p.
m.,…,7 p.m. For example, for 4 p.m., the dependent variable
is 0 if the physician's last office visit happened before 4 p.
m., and it is 1.5 if the physician's last office visit occurred at
5:30 p.m. The results of this estimation are in columns (2)–
(6) of Table 10. Again, we do not find a link between e-visit
workload and this outcome. Note that the coefficient on
office visit workload is significant in both of these analyses,
but that is due to the almost mechanical relationship of
higher office visit workload and later working hours in the
office.

Related to the above analysis, it is possible that physi-
cians prefer to respond to e-visits in a batch during the eve-
ning versus from work. If this was the case, we would not
observe the large effect sizes in Table 3. For example, con-
sider a physician that batches all her e-visits at a particular
hour during or after the workday. For such a physician, we
would expect Table 3 to show small increases in the number
of hours containing work. We find large effects in Table 3,
however, suggesting that e-visits are spread out during
weekday business hours, evenings, and weekends. Addition-
ally, we find that physicians batch their e-visits less than
20% of the time.

Fifth, we show robustness of our results to the sample of
physicians. Our main sample included part-time physicians
(and weeks with few office visits), and we may understate
the amount of work creep if physicians conduct e-visits on
days without other clinical obligations. To deal with this
concern, we estimate the regression in Equation (1) on the
sample of physicians and weeks with large numbers of office
visits. In the first analysis, we restrict our sample to physi-
cians with average 46.2 office visits per week (top quartile
physicians). In the second analysis, we restrict our sample to

physician-weeks with ≥ 55 office visits (top quartile
physician-weeks). The results of these analyses are in
Tables 11 and 12, respectively.

We observe that the effect of e-visit intensity is larger, if
we limit our sample to physicians or weeks with a large
number of office visits. For example, the average number
of weekly office visits for physicians in Table 11 is 64.57.
Based on the estimates in column (1) of Table 11, without
any e-visits an average physician works in 22.1 of week
hours,8 but this number increases by 18.6 for a physician
with average e-visit use intensity in 2016.9 The implied
effect sizes from these two values are similar to the dou-
bling of work hours observed in Table 3.

Sixth, it is possible that physicians' ways of dealing with
e-visit workload change over time as they gain experience
with this new channel. Specifically, it may be that the effects
of the e-visit channel fade out over time as the e-visits
become more familiar. To examine this possibility, we esti-
mate the model in Table 4 with the following change: in the
new analysis in Table A1, each physician-year has a fixed
effect as opposed to a fixed effect for each physician in
Table 4. We observe that the estimates in Table A1 are
almost identical to Table 4. If there was a substantial amount
of learning on how to deal with e-visit workload, we would
expect significantly smaller effect sizes in Table A1 com-
pared to Table 4.

Seventh, we used a linear probability model to estimate
Equation (5). Linear probability models have a number of
limitations, but they allow us to account for all time-
invariant physician characteristics through physician-fixed
effects. Estimating a fixed effect model using traditional
nonlinear models such as logit and probit are susceptible to
the “incidental parameter problem” that is known to generate
bias (Lancaster, 2000). Also, given the size of our panel, we

TABLE 11 The impact of e-visit use intensity on weekly working hours (top quartile physicians)

Dependent variable:

(1) (2) (3) (4)

Number of
hours (all)

Number of weekday
business hours (8 a.m.‑5 p.m.)

Number of weekday early/late
hours (5 p.m.‑8 a.m.)

Number of weekend
hours (Saturday and Sunday)

e-visit intensity 39.611*** 14.127*** 17.775*** 7.709***

(2.569) (1.696) (1.443) (0.772)

Number of office visits
in the week

0.342*** 0.275*** 0.047*** 0.021***

(0.007) (0.007) (0.002) (0.003)

Physician FEs ✓ ✓ ✓ ✓

Week FEs ✓ ✓ ✓ ✓

R-squared 0.882 0.842 0.750 0.433

Physician weeks 22,027 22,027 22,027 22,027

Note: Estimates are from OLS regressions. SEs in parentheses are robust and clustered at the physician level. Sample includes physicians in the top quartile of weekly
office visits.
*p < .10, **p < .05, ***p < .01.
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are unable to use methods such as conditional logit
(Stammann, Heiss, & McFadden, 2016). To examine
whether our results are robust across specifications, we esti-
mate an unconditional fixed effect probit model in Table A2.
The coefficient of e-visit workload remains positive and sig-
nificant, but the magnitude is smaller. (This finding across
methods is consistent with Pierce & Snyder, 2008, which
contains an analogous analysis on organizational behavior.)

Finally, we demonstrate robustness to the key measures
used in our analysis. We reestimated the model in Table 4
using the physician's 99th percentile of daily number of
office visits as the denominator for both e-visit and office
visit workload variables. These results are in Table A3.
Because the workload covariates become much smaller
when dividing by their 99th percentiles instead of their aver-
age values, the coefficients are much larger, as expected.

Next, consider our e-visit intensity definition in Table 3.
In Equation (2), we defined this variable at the quarterly
level to capture a metric of long-term e-visit activity. In
Table A4, we show that our results are robust to defining
this variable at the yearly level. All the coefficients are simi-
lar in magnitude to our main analysis and remain statistically
significant. Next, to analyze e-visit work content in Table 5,
we used data on e-visits that were conducted sequentially
and treated two e-visits as sequential if they occurred within
10 min of each other with no other office or e-visits in
between. In Table A5, we repeat the same analysis with cut-
offs of eight, six, and four minutes in columns (2), (3), and
(4), respectively (in the first column, we repeat the estimates
from column (3) of Table 5 for comparison). As before, we
observe statistically significant coefficients on office and e-
visit workloads for all outcomes. The implied effect sizes,
however, decrease as the cutoff becomes smaller. This is
expected; as the sample of e-visits decreases in duration,

there is less scope for the physician to speed up or reduce
word content.

6 | DISCUSSION AND
IMPLICATIONS

6.1 | Empirical findings

The present research makes three empirical contributions.
First, we document significant “work after work” after the
introduction of e-visits. Consider an average physician, who
has 35 office visits each week in our data. In 2008 (when
there were no e-visits), these visits took place over 14.2 hr in
a week (out of 168). In 2016, a physician with the same
number of office visits worked in 27.1 hr, a near doubling
over the baseline. These additional hours resulted from
e-visits and included evenings and weekends: 49% were
weekday business hours (8 a.m.-5 p.m.), 37% were other
weekday hours (5 p.m. to 8 a.m.), and 14% were weekend
hours (Saturday or Sunday).

Second, we demonstrated that these “work after work”
hours are a function of workload in the office and e-visit
channels. The estimates showed that a SD increase in office
and e-visit workloads increase the likelihood of sending
e-visits after 5 p.m. by 1.7% and 15.2%, respectively.
Another way to interpret these findings is to consider a typi-
cal physician in 2016, who engaged in e-visits outside week-
day business hours on about one-third (31%) of all days. On
days when the physician experienced a high (95th percen-
tile) e-visit workload, the probability of e-visits conducted
outside the workday doubled to about two-thirds (63%).10

The impact of office visit workload on post-workday work
was smaller: for every five additional office visits on a given
day (i.e., a one SD increase in office visit workload), the

TABLE 12 The impact of e-visit use intensity on weekly working hours (top quartile of physician weeks)

Dependent variable

(1) (2) (3) (4)

Number of
hours (all)

Number of weekday
business hours (8 a.m.‑5 p.m.)

Number of weekday early/late
hours (5 p.m.‑8 a.m.)

Number of weekend
hours (Saturday and Sunday)

e-visit intensity 40.794*** 12.825*** 19.030*** 8.939***

(2.661) (1.665) (1.560) (0.823)

Number of office visits
in the week

0.259*** 0.172*** 0.042*** 0.044***

(0.008) (0.008) (0.004) (0.007)

Physician FEs ✓ ✓ ✓ ✓

Week FEs ✓ ✓ ✓ ✓

R-squared 0.841 0.755 0.755 0.452

Physician weeks 16,493 16,493 16,493 16,493

Note: Estimates are from OLS regressions. SEs in parentheses are robust and clustered at the physician level. Sample includes physician-weeks in the top quartile of
weekly office visits.
*p < .10, **p < .05, ***p < .01.
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probability of a physician sending e-visits after 5 p.m.
increased by 1.6 percentage points.

These results are important because late work can impact
patients through fatigue-related medical errors (Fahrenkopf
et al., 2008) and increasing physician burnout (Becker's Hos-
pital Review, 2017; New York Times, 2012). Prior studies
have shown that higher burnout of healthcare providers is
linked with lower empathy and professionalism climate
scores (Brazeau, Schroeder, Rovi, & Boyd, 2010; Shanafelt
et al., 2005), as well as higher intent of reducing their clini-
cal work hours and leaving their current practice for reasons
other than retirement (Shanafelt et al., 2014). More gener-
ally, burnout within PSOs is a topic that has been relatively
less explored but is worthy of attention given new forms of
service delivery and findings from the techno-stress
literature.

Third, we investigated the extent to which workload in
the office or e-visit channels impacted e-visit work content,
as measured by the number of words and time spent on each
message. We showed that increased workload in either chan-
nel led to shorter e-visits and less time spent by the physi-
cian on each e-visit. We found these effects to be small,
however: compared to a typical day, on days when the phy-
sician is in the top 95th percentile of e-visit workload, she
only uses 2.1 fewer words and 11 fewer seconds per e-
visit.11

The results are similar in both magnitude and direction
for the impact of office visit workload on e-visit work con-
tent. Together, these results suggest that physicians have a

similar work content even when they are experiencing high
workload, which may not be too surprising given strong
intrinsic (e.g., professional norms and expectations) and
extrinsic (e.g., fear of lawsuits) motivations for doing
so. These effects do suggest that physicians may be particu-
larly vulnerable to burnout related to lack of work-life bal-
ance, however, as like many professionals they may be more
likely to prioritize their work commitments.

Figure 5 provides a visual of the empirical patterns
underlying our results on the number of hours containing
work. To create this plot, each physician-week in 2008 (our
first year of data, before e-visit adoption) is matched with a
physician-week in 2016 (our most recent year of data, with
prevalent e-visit use) containing the same number of office
visits. All the physician-weeks plotted also have a minimum
of 20 office visits to keep the samples comparable. The key
takeaway is that in 2008, before e-visits were introduced and
used heavily, physicians' interactions with patients were gen-
erally limited to weekday business hours (with the caveat
that we do not observe timestamps for phone visits, though
it is unlikely that these visits would occur in the late evening
or weekend hours in which e-visit activity is observed). In
2016, however, we observe significant activity outside of
these hours, especially on weekday and Sunday evenings.

6.2 | Implications

Professionals face increased demands on their time as new
channels for communication and service delivery have

2008 2016
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FIGURE 5 Weekly
distribution of office and e-visits
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Each square is one visit.
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same number of weekly office
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emerged. Managers and policymakers around the world are
debating various efforts to protect workers' evenings and to
contain work to business hours, including an attempt to ban
post-workday emails as recently initiated by the French gov-
ernment (Global News, 2016). While such a broad measure
has not yet passed in any country (and is unlikely to do so in
the future), the French government is taking the lead on
these concerns by having passed “right to disconnect” laws
(The Economist, 2016), which are also under debate in
New York City (The New York City Council, 2018). Much
of this discussion occurs either based on anecdotal or self-
reported data on changes in work hours. By empirically
measuring the impact of new delivery models on hours con-
taining work, we hope that the present analysis informs these
current policy discussions (Diaz, Chiaburu, Zimmerman, &
Boswell, 2012; Wright et al., 2014).

A setting that many readers may be familiar with is aca-
demia, which has also experienced multichannel service
delivery in teaching. In the old days, professors could teach
in-class lectures, hold office hours, and be assured that there
would be no student interactions until the next workday
(of course, there would still have been class preparation or
grading commitments, which continue to be true today).
Now, professors must also consider whether to send and
respond to student emails after the workday, and the stress
from such obligations is a frequent topic in conversations
about work-life balance. Part of the stress comes from the
desire to increase student satisfaction scores that may be
linked to faster response times, and this same source of
stress arises in other settings such as the one studied in this
article.

In our study, we focused on physicians, who are espe-
cially suspect to “work after work” obligations as they are
the main providers of care to their patients. This is true of
many PSOs, since the professional must handle or at least
oversee communication with her clients. Our results linking
new service delivery channels and workload to work creep
likely extend to other professional settings where alternative
servers cannot provide the other channels of service
required. For example, expert business leaders cannot easily
outsource their obligations to other employees. By contrast,
low-expertise tasks such as airline booking methods can eas-
ily accommodate different servers for each channel, reducing
the possibility of cross-channel workload interactions.

Serving customers in multiple channels certainly has ben-
efits, at least for the customers, which is why they will con-
tinue to play a large role in service operations. For example,
Gallino and Moreno (2018) show in the retail setting that
multichannel service delivery can improve the business
profit. One path through which this occurs is through
improved service experience (Brynjolfsson, Hu, &
Rahman, 2013).

But new service channels also bring about new manage-
rial challenges. For example, each new channel is likely to
impact the customers' utilization of the other channels
(Akturk, Ketzenberg, & Heim, 2018; Avery, Steenburgh,
Deighton, & Caravella, 2012; Bavafa et al., 2018). We pro-
vide new evidence to this literature by showing the impact
of new service channels on servers. Our analysis shows that
expanding channels of service without taking into consider-
ation the impact on the professional server's workflow can
prove harmful to their well-being. Ideally, we would be able
to measure such effects directly in our data, but we are lim-
ited to analyzing physician-patient interactions and certain
additional features of the e-visit channel such as the number
of words in each exchange.

Prior work in service operations has primarily focused on
individual channels in settings such as call centers (Aksin,
Armony, & Mehrotra, 2007), e-services (Field, Heim, &
Sinha, 2004; Thirumalai & Sinha, 2011), and healthcare
appointment scheduling (Luo, Kulkarni, & Ziya, 2012;
Zacharias & Armony, 2016). There is much scope to study
or model server behavior, particularly in PSOs, in a multi-
channel setting (as described in Field et al., 2018). For
example, healthcare delivery innovations such as group
appointments (Ramdas & Darzi, 2017) may complement
multichannel service delivery by more effectively using phy-
sician time. Businesses and organizations are in a period of
experimentation and reflection, and there is much yet to
learn about how multichannel services will evolve.

6.3 | Limitations

This study involved analysis of highly detailed administra-
tive data from a major U.S. health system. That being said,
the data and study design pose important limitations that we
hope future research can overcome.

We are unable to directly measure physician burnout,
patient satisfaction, or other measures of care quality deliv-
ered (Heim & Field, 2007) beyond our measure of e-visit
work content (e-visit word count and duration), a limitation
that future work can improve upon. In our setting, we
instead rely on a growing body of research documenting the
link between “work after work”, or work creep, and various
outcomes of interest. For example, Butts, Becker, and Bos-
well (2015) write how “the new night shift” stemming from
email use affects employee well-being, and Barley et al.
(2011) show that email obligations specifically are a key
source of stress for workers.

Interestingly, Boswell and Olson-Buchanan (2007) show
that it is more ambitious workers who tend to take on and
feel overwhelmed by post-work email obligations; this is rel-
evant in studying physicians, who are not only regulated to
respond to emails within a short timeframe, but are also
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likely to be ambitious and intrinsically motivated in provid-
ing high-quality care. These aspects of physicians are also
likely to be true more generally of employees in PSOs. Spe-
cific to physicians, Shanafelt et al. (2016) conduct a nation-
wide survey of physicians and find that electronic health
record commitments are linked with reduced work satisfac-
tion and increased burnout even after controlling for the
number of hours worked. While they do not find this link for
e-visits specifically, electronic health records are highly cor-
related with patient portals and e-visit adoption.

One feature of the primary care setting studied in this
article is that because all the clinics are a part of the same
health system, the general “preparedness” for dealing with
electronic health records is similar across units. That being
said, variation in clinic guidelines across systems would be
useful for examining the impact of different policies on deal-
ing with this new service delivery channel. There is also the
question of e-visit quality. Prior research has documented
differences in quality between e-visits and office visits by
examining rates of antibiotic prescriptions and screening
tests (Mehrotra, Paone, Martich, Albert, & Shevchik, 2013;
Zhou, Kanter, Wang, & Garrido, 2010), but to the best of
our knowledge, there is a limited evidence on methods to
compare quality among e-visits. This is a potential avenue
for future research and requires text analysis tools that are
becoming more accessible.

Finally, the duration of time spent on e-visits is not
directly measured in our data, so we use the batched e-visits
to construct and analyze a proxy measure of this important
variable. We, however, cannot rule out the physician attend-
ing to other tasks such as responding to a phone call between
two consecutive e-visits. This limitation will be difficult to
overcome given the way in which mainstream electronic
health portals collect such information, but more detailed
data on the duration of e-visits would be a useful contribu-
tion in future work. Relatedly, we examine hours containing
work as the main outcome variable, but ideally, future work
would examine precisely both the total hours of added work
and when they occur to study more precisely the impact of
multichannel workload on work-life balance.
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ENDNOTES

1 We use these terms interchangeably.

2 A drawback of the coarseness of our measure is that two e-visits at
5:45 and 5:55 count as one hour containing work, while two e-
visits at 5:55 and 6:05 count as two hours containing work. This
pattern would be problematic if physicians had a tendency to send
e-visits at particular minutes in the hour, for example, always in the
final minutes of an hour. We examined the minute in which physi-
cians send e-visits in Figure A1 and find that it is uniformly
distributed.

3 14.2 = 35 × 0.405 hr.
4 12.9 = 0.47 × 27.551 hr.
5 0.152 = 0.44 × 0.345.
6 0.017 = 0.42 × 0.040.
7 −0.97 = − 2.207 × 0.44 words.
8 22.1 = 64.57 × 0.342 hours.
9 18.6 = 0.47 × 39.611 hours.

10 The median and 95th percentile values for e-visit workload in 2016
were 0.29 and 1.22, respectively. Therefore, if e-visit workload
increases from the median to the 95th percentile value, the probabil-
ity of sending an e-visit after 5 p.m. becomes 0.63 = 0.31 + (1.22
− 0.29) × 0.345. Note that 0.31 is the average probability that a phy-
sician in 2016 sends e-visits after 5 p.m.

11 −2.1 = − 2.207 × (1.22 − 0.29) words.
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APPENDIX

FIGURE A1 Distribution of e-visits by minute within the hour.
Plot uses data from 486,353 e-visits sent by physicians between 2008
and 2016

TABLE A1 The impact of office and e-visit workloads on working late (physician-year FEs)

Dependent variable: Physician sent e-visit after

5 p.m. 6 p.m. 7 p.m. 8 p.m. 9 p.m. 10 p.m. 11 p.m. 12 a.m.

(1) (2) (3) (4) (5) (6) (7) (8)

e-visit workload 0.303*** 0.206*** 0.141*** 0.102*** 0.073*** 0.039*** 0.015*** 0.003***

(0.013) (0.009) (0.009) (0.007) (0.006) (0.004) (0.002) (0.001)

Office workload 0.040*** 0.028*** 0.015*** 0.008*** 0.004*** 0.002** 0.001** 0.000

(0.003) (0.002) (0.002) (0.001) (0.001) (0.001) (0.001) (0.000)

Physician-year FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Year, month, and day of week FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

R-squared 0.340 0.265 0.227 0.214 0.200 0.178 0.180 0.179

Physician days 197,348 197,348 197,348 197,348 197,348 197,348 197,348 197,348

Note: Estimates are from linear probability models. The estimation model is identical to Table 4 with the following difference: instead of physician FEs the model
includes physician-year FEs. Robust SEs in parentheses are clustered by physician.
*p < .10, **p < .05, ***p < .01.
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TABLE A2 The impact of office and e-visit workloads on working late (probit)

Dependent variable: Physician sent e-visit after

5 p.m. 6 p.m. 7 p.m. 8 p.m. 9 p.m. 10 p.m. 11 p.m. 12 a.m.

(1) (2) (3) (4) (5) (6) (7) (8)

e-visit workload 0.147*** 0.080*** 0.050*** 0.034*** 0.023*** 0.013*** 0.005*** 0.001**

(0.016) (0.012) (0.007) (0.004) (0.002) (0.002) (0.001) (0.001)

Office workload 0.042*** 0.029*** 0.016*** 0.009*** 0.004*** 0.003** 0.002** 0.001

(0.006) (0.004) (0.003) (0.002) (0.001) (0.001) (0.001) (0.001)

Physician FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Year, month, and day of week FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Physician days 197,348 197,348 197,348 197,348 197,348 197,348 197,348 197,348

Note: Estimates are from an unconditional fixed effect probit model. Mean marginal effects are reported. Robust SEs in parentheses are clustered by physician.
*p < .10, **p < .05, ***p < .01.

TABLE A3 The impact of office and e-visit workloads on working late (alternative office workload measure)

Dependent variable: Physician sent e-visit after

5 p.m. 6 p.m. 7 p.m. 8 p.m. 9 p.m. 10 p.m. 11 p.m. 12 a.m.

(1) (2) (3) (4) (5) (6) (7) (8)

e-visit workload 0.661*** 0.458*** 0.316*** 0.234*** 0.179*** 0.110*** 0.051*** 0.014***

(0.056) (0.043) (0.042) (0.037) (0.032) (0.023) (0.014) (0.005)

Office workload 0.085*** 0.060*** 0.034*** 0.019*** 0.009** 0.005* 0.002 0.000

(0.011) (0.008) (0.006) (0.005) (0.004) (0.003) (0.001) (0.001)

Physician FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Year, month, and day of week FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

R-squared 0.299 0.220 0.175 0.158 0.144 0.127 0.131 0.144

Physician days 197,348 197,348 197,348 197,348 197,348 197,348 197,348 197,348

Note: Estimates are from linear probability models. The estimation model is identical to Table 4, but workload measures are divided by their 99th percentile values
instead of their average values. Note that because the denominator of the key covariate is now much smaller (we are dividing by the 99th percentile instead of the
average), we expect the coefficients to be larger than their analogs in the main analysis. Robust SEs in parentheses are clustered by physician.
*p < .10, **p < .05, ***p < .01.

TABLE A4 The impact of office visit workload on weekly working hours (e-visit intensity calculated yearly)

Dependent variable

(1) (2) (3) (4)

Number of
hours (all)

Number of weekday business
hours (8 a.m.‑5 p.m.)

Number of weekday early/late
hours (5 p.m.‑8 a.m.)

Number of weekend hours
(Saturday and Sunday)

e-visit intensity 32.240*** 15.766*** 12.027*** 4.447***

(1.757) (1.124) (0.789) (0.315)

Number of office visits
in the week

0.398*** 0.326*** 0.051*** 0.020***

(0.010) (0.008) (0.003) (0.002)

Physician FEs ✓ ✓ ✓ ✓

Week FEs ✓ ✓ ✓ ✓

R-squared 0.918 0.919 0.758 0.466

Physician weeks 65,040 65,040 65,040 65,040

Note: Estimates are from OLS regressions. SEs in parentheses are robust and clustered at the physician level.
*p < .10, **p < .05, ***p < .01.
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TABLE A5 Robustness to the cutoff for e-visit duration

(1) (2) (3) (4)
Cutoff for minutes spent by physician on e-visit

10 min 8 min 6 min 4 min

e-visit workload −0.206*** −0.151*** −0.085*** −0.047***

(0.019) (0.020) (0.015) (0.011)

Office workload −0.129*** −0.089*** −0.052*** −0.036***

(0.023) (0.017) (0.016) (0.013)

Physician FEs ✓ ✓ ✓ ✓

Hour of day FEs ✓ ✓ ✓ ✓

Year, month, and day of week FEs ✓ ✓ ✓ ✓

Mean of Dep. Var. 3.52 3.11 2.65 2.10

R-squared 0.045 0.045 0.044 0.041

Observations 94,821 88,689 80,189 67,014

Note: Estimates are from OLS regressions. SEs in parentheses are robust and clustered at the physician level.
*p < .10, **p < .05, ***p < .01.
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