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The COVID-19 pandemic accelerated telemedicine adoption, offering a convenient alternative to in-person
care. However, televisits may not fully address health concerns and sometimes require supplementary in-
person visits, consuming resources that could have been saved if the initial visit had been in-person. As the
pandemic subsides, in-person visits are regaining popularity, prompting providers to reorient resources toward
in-person care. Transportation support (or subsidies) for patients, funded by providers or the government,
plays a critical role in facilitating in-person visits. In this evolving landscape of telemedicine, we study how
an outpatient care provider can optimally balance virtual and in-person services and whether, and how, to
engage with transportation subsidies. We develop a stylized queueing-game model to represent the operations
of a revenue-maximizing provider serving patients who strategically choose between service channels. We
find that provider size, measured by total capacity relative to demand, is key. Small and large providers
perform best by focusing on one channel without offering subsidies, whereas medium-sized providers benefit
from carefully balancing both channels alongside subsidies. Paradoxically, transportation subsidies, which
make in-person care more accessible, may reduce overall patient access to care, even when fully funded by
the government. This occurs because providers may shift capacity toward a higher-reimbursement channel,
ultimately serving fewer patients. Differentiating payment rates between in-person and virtual visits can
potentially prevent such reductions. Our study highlights the importance of capacity coordination between
channels for providers and cautions policymakers that transportation support may unintentionally harm

patient access. Properly designed financial incentives can help prevent such negative outcomes.
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1. Introduction

The COVID-19 pandemic accelerated the adoption of virtual services in general and telemedicine
in the context of healthcare services in particular (Bokolo 2020). Telemedicine enables the provi-
sion of remote clinical services through real-time communication between patients and healthcare
providers, utilizing tools like video conferencing and remote monitoring (Monaghesh and Hajizadeh
2020). Virtual services, which reduce travel costs and are associated with lower waiting costs for
patients, can improve the efficiency of care delivery and expand access to care (Wong et al. 2021).

However, they also pose a risk of delivering low-value care (O’Reilly-Jacob et al. 2021). Research



has shown that a virtual visit may lead to a supplementary in-person visit for the same medical
concern within a short timeframe, potentially due to misdiagnosis or inadequate treatment (Shi
et al. 2018). Consequently, telemedicine may increase follow-up care and hurt provider productiv-
ity (Bavafa et al. 2018, Li et al. 2021). The evidences, however, are not always consistent. Other
studies indicate that the increase in supplementary in-person visits may be minimal (Reed et al.
2021).

Despite these mixed results, telemedicine is expected to continue growing beyond the COVID-19
era, although it cannot fully replace in-person visits (Rosenthal 2021). In-person care provides
benefits that virtual care cannot replicate, such as better communication and a stronger doctor-
patient relationship. Moreover, certain diagnosis and tests can only be conducted in person.

During the pandemic, payment parity was introduced to encourage the adoption of telemedicine
to expand care access, by reimbursing televisits at the same rate as in-person visits. With the
pandemic now over, the downsides of telemedicine have drawn increased attention. A prevailing
view is that reimbursing virtual visits—typically involving fewer diagnostic services—at the same
rate as in-person visits represents over-payment. This has shifted policy discussions toward payment
equity rather than parity in the post-pandemic era (Shachar et al. 2020). Meanwhile, in-person
visits are regaining popularity among both patients and providers.

In response to these shifts, providers have started re-orienting their resources toward in-person
visits. A 2022 McKinsey report highlights that as the pandemic abates, more physicians are grav-
itating away from virtual care and would prefer a return to in-person care (Cordine et al. 2022).
There has been a 13% increase in physicians recommending in-person visits over telehealth and
a 10% rise in physicians offering in-person care only since July 2020. Providers are making var-
ious efforts to encourage and support in-person visits, such as improving the in-clinic encounter
experience, investing in a better physical service environment, and offering transportation support.

Transportation support, in particular, plays a critical role in facilitating in-person visits, espe-
cially for rural populations and those facing transportation challenges. It can be funded by the
government. For example, federal Medicaid regulations (42 CFR 440.170) require that states ensure
transportation for beneficiaries to and from providers (Medicaid and CHIP Payment and Access
Commission 2019), a benefit known as non-emergency medical transportation (NEMT). Covered
transportation modes include taxis, buses, vans, and personal vehicles. States have considerable
flexibility in administering NEMT and may deliver the benefit via fee-for-service, managed care
contracts, or transportation brokers.

Transportation may also be subsidized by providers through means such as travel reimbursement,
shuttle services, coordinated shared ride programs, parking vouchers, or transit passes. For example,

Family Health Services in Ohio and Kheir Clinic in Los Angeles both provide their own no-cost



transportation services for patients; the Upper Allegheny Health System in southwestern New
York and Bradford Regional Medical Center in northwestern Pennsylvania partner with the Area
Transportation Authority of North Central Pennsylvania to provide free transportation services
(Graham 2022). In this paper, we use the term “transportation subsidy” broadly to refer to any
support provided to help patients attend in-person visits.

Our research is motivated by this changing landscape of telemedicine, in which all stakeholders
are rethinking how best to integrate virtual care into the broader care delivery system. In particular,
we seek to understand the interplay between telemedicine and transportation support, and its
implications for care delivery. We focus on non-emergency outpatient care settings, and investigate
how providers can optimally balance virtual and in-person services, and whether and how they
should engage with transportation subsidies. Our study also sheds light on how provider operational
choices impact access to care.

When seeking outpatient care, patients are typically presented with two options—coming in
for an in-person visit or having a virtual visit. Patients weigh the utilities and costs associated
with these alternatives before deciding. In-person visits require waiting in the clinic, incurring
both time spent and potential travel costs (e.g., transportation and parking). Conversely, virtual
visits offer the convenience of engaging from home or another preferred location by patients, thus
reducing their waiting and travel costs. For some health conditions, a virtual visit can fully address
patients’ concerns. However, in other cases, a supplementary in-person visit (or returning visit)
may be required if the initial virtual treatment is inadequate or symptoms do not improve. In such
scenarios, patients need to subsequently visit the clinic, incurring the costs and disutilities initially
avoided.

Facing strategic patient choice, an outpatient care provider needs to determine the optimal
system design and capacity allocation between in-person and virtual channels. Whereas the virtual
channel is appealing for its convenience to both providers and patients, it may lead to returning in-
person visits, which come with additional cost and capacity utilization. To support in-person visits,
mitigate the need for returning visits, and improve overall operational efficiency, transportation
subsidies may be offered, as discussed above. Though offering transportation subsidies can be useful
to improve a provider’s operational efficiency and revenue, its impact on patient access to care
is unclear. Intuitively, transportation subsidies should expand patient access to care because they
make in-person visits more accessible, but does this always hold true?

To answer our research questions, we develop a stylized queueing-game model to represent the
operations of an outpatient care provider, who has a fixed daily capacity to allocate between
two channels. The provider faces an exogenous stream of strategic patient demand. Each patient

evaluates the expected waiting in each channel and the likelihood of needing a returning in-person



visit, with three options available: choose an in-person visit, wait for a virtual visit, or balk. Balking
encapsulates other care alternatives the patient may choose, such as visiting other care providers
or taking some at-home treatments.

If an in-person visit is chosen, the patient’s expected utility is the service reward net the expected
waiting cost and travel cost associated with the in-person channel. If a virtual visit is chosen, the
patient’s expected utility incorporates the expected waiting cost in the virtual channel and the
expected utility of a returning visit, which will incur additional waiting and travel costs to attend
the in-person visit. Lastly, if the patient balks, the utility is normalized to zero. Importantly, patient
choice is endogenous to the provider’s capacity allocation because waiting cost depends on service
capacity allocation between the two channels. Factoring into patient strategic choice, the provider
aims to maximize the total revenue across both service channels by carefully allocating her daily
capacity.

We first show that for any given capacity allocation, there exists a unique mixed-strategy equilib-
rium in patient choice. With three alternatives available (virtual visit, in-person visit, or balking),
there are seven equilibrium regions based on how patients mix their choices. We then fully char-
acterize the optimal capacity allocation strategy for the provider to maximize her revenue. The
optimization incorporates patient equilibrium, which is endogenous to the capacity allocation. We
find that the optimal system configuration (i.e., how much capacity to allocate to each channel)
depends on the size of the system, measured by the total available service capacity relative to the
overall patient demand. In a small system, the provider should pool her capacity to focus on one
service channel to maximize efficiency. For a medium-sized system, she has enough capacity to pre-
vent patient balking, but needs to carefully balance capacity between the two channels. For a large
system, because no patients would balk regardless of the capacity allocation, a revenue-maximizing
provider should prioritize the channel with the highest revenue margin.

Next, we consider the setting with transportation subsidies. We differentiate two scenarios: sub-
sidies paid by the provider and subsidies funded by the government. For the first case, we fully
characterize the joint optimal decision for capacity allocation and subsidy levels. For the second
case, because the subsidies incur no cost to the provider, the decision focuses solely on capacity
allocation. It is natural to expect that the use of transportation subsidy increases total revenue,
regardless of who pays for it. What is more interesting is that the optimal system design can funda-
mentally change with the subsidies offered. For example, a system optimally designed to focus on
the virtual channel without subsidies may be optimized by changing to the in-person channel with
subsidies, or vice versa. Intuitively, transportation subsidies should increase the total rate at which
patients access the service across both channels because subsidies can attract more in-person visits,

which do not require returning visits and thus conserve service resources. However, our results



show this is not always the case: offering subsidies can paradoxically reduce the total access rate,
even when funded entirely by the government at no cost to the provider!

Our numerical analysis, calibrated with real-world data and empirical studies, confirms this
“backfire” phenomenon. The underlying cause is the potential shift of the provider’s optimal strat-
egy: she may choose to serve fewer patients at a higher payment rate, leading to a decrease in total
access rate. To mitigate such an adverse impact on social welfare, one solution we identify is in
line with the idea of “payment equity” discussed above. Specifically, we show that differentiating
payment rates between in-person and virtual visits can prevent reductions in access rate, regardless
of who funds transportation subsidies. Our results, at a high level, also support the current Cen-
ters for Medicare & Medicaid Services (CMS) policy that grants states flexibility in administering
NEMT, as this flexibility allows states to tailor transportation support in a way that aligns with
provider incentives and care delivery goals to help prevent unintended reductions in access to care.

The rest of the paper is organized as follows. Section 2 reviews the relevant literature. Section
3 presents the base model, analyzes patient equilibrium strategy, and introduces the provider’s
problem. Section 4 discusses the the optimal capacity allocation. Section 5 considers the option
of providing transportation subsidies. Section 6 conducts a numerical analysis of the impact of
transportation subsidies on patient access to care. Section 7 draws conclusions and suggests a few

directions for future research. All proofs of the technical results are shown in the E-Companion.

2. Literature Review
This research draws upon the literature on healthcare operations management (OM) and queueing

studies with strategic customers and multiple service access channels. We review each stream below.

2.1. Healthcare OM

Within the healthcare OM literature, our work is related to the research that (1) employs queueing
models to investigate system design questions in outpatient care, and (2) addresses the multi-
channel care setting, in particular those with one telemedicine channel. Two representative studies
from the first stream of literature include Green and Savin (2008) and Zacharias and Armony
(2016). They develop stylized queueing models to investigate system design questions such as panel
size selection and capacity decisions. An important phenomenon addressed by these two works
is that patients may revisit the provider after (no-shows from) initial visits. Though this patient
“returning” feature also presents in our model, our patient revisits require a different source of
capacity compared to their initial visits. Moreover, patient demand in Green and Savin (2008) and
Zacharias and Armony (2016) are treated as exogenous variables, whereas we model patients as

strategic customers, rendering patient demand endogenous to the provider’s decisions.



Depending on the clinical setting, patients may access care through different channels, e.g., in-
person appointment visits, walk-ins, virtual visits, or visits to different providers. These channels
can be managed by a single provider or coordinated among/independently offered by multiple
providers. The literature addressing OM issues in such multi-channel care settings is growing. Liu
et al. (2023) examine capacity management between appointment-based and walk-in services within
a single provider setting. In their model, only strategic walk-in patients may balk, and patients
are assumed to fully recover regardless of the chosen channel. In multi-provider settings, Shumsky
and Pinker (2003) introduce a classic gatekeeper model to study gatekeeper-specialist dynamics. A
more recent work by Sharma et al. (2020) focuses on the interaction between emergency rooms and
general providers. Both of these studies explore incentive design, aiming to align different providers
who offer in-person service towards societal or firm-centric objectives. On a separate topic, Huang
et al. (2022) study the doctor-shopping behavior (i.e., patients seek opinions from multiple doctors
without referrals) and its impact on social welfare. In contrast to the latter three studies on multi-
provider settings, our research concentrates on the operations of a single provider who offers both
in-person and virtual services.

With the rise of telemedicine, the body of literature assessing its operational impact is expanding.
Rajan et al. (2019) and Bavafa et al. (2021) study the use of telehealth visits in chronic care. The
former finds that telemedicine can improve access to care and increase provider revenue, whereas
the latter shows that e-visits may negatively impact panel size and patient health. Tele-triage is
another form of telemedicine, aimed at remotely assessing patient conditions to determine the
appropriate care they need. Cakici and Mills (2021) and Guan et al. (2025) evaluate the use of
tele-triage, and discover that it may increase cost and exacerbate inefficiencies in a healthcare
system. In contrast to these studies, we focus on how an outpatient care provider can effectively
integrate virtual visits into her operations.

A few recent studies have explored a hybrid care delivery model similar to ours, involving
in-person and virtual channels with returning visits (or, more generally, imperfect treatment).
Focusing on the Primary Care First (PCF) initiative, Adida and Bravo (2023) analyze blends cap-
itation and fee-for-service payments with performance-based adjustments to incentivize redesigned
primary care delivery, including remote care. They find that PCF can achieve socially optimal
outcomes by adjusting payment structures based on state-specific health heterogeneity.

The most relevant work to ours is Cakici and Mills (2024), which investigates the repercussions
of telehealth reimbursement policies on the accessibility of acute care. They show that returning
visits resulting from virtual care create an incentive alignment problem, and thus pay parity for
telehealth may hurt patient access. Our study departs from theirs in at least two significant ways.

First, our base model without transportation subsidies fully characterizes the provider’s optimal



capacity allocation decisions under all possible demand-capacity scenarios, whereas Cakici and
Mills (2024) focuses only on a high-workload setting. Second, in contrast to their focus on incentive
structures designed during the pandemic to promote telemedicine adoption, we examine issues
that are increasingly salient in the post-pandemic era: specifically, whether a hybrid care delivery
model combining in-person and virtual services improves patient access to care, particularly in the
presence of transportation subsidies.

In addition, Zychlinski (2024) tackles scheduling and capacity allocation decisions across three
service channels: in-person, virtual, and supplementary service for returning virtual patients. Zang
et al. (2024) explore how improving patient understanding of their telemedicine suitability through
online triage affects the performance of a hybrid system. Wang et al. (2019) study dual-channel
care (in-person and virtual) where some patients receiving virtual care require returning in-person
visits. Their model concerns two independent providers who set their capacity separately in a
capacity-abundant environment, whereas we study how a single provider should operate under any
capacity situation. Complementing these recent studies, our work contributes to a more compre-
hensive understanding of how to effectively manage hybrid healthcare systems that incorporate

telemedicine.

2.2. Queueing Studies with Strategic Customers

In terms of methodology, our research leverages the analysis of queuing systems with strategic
customers. This broad research area, initiated by Naor (1969), explores customer join/balk decisions
based on how sensitive customers are to waiting and aims to optimize system efficiency /social
welfare by adjusting the service capacity, pricing, or priority schemes. Hassin and Haviv (2003)
provide a comprehensive review of this area. Below we draw attention to recent studies most
relevant to our work.

Hassin and Roet-Green (2020) study the impact of queue-length information on the performance
of a service system where customers must travel to join. In their model, customers can observe the
queue length before deciding whether to travel. Another recent relevant paper that considers travel
costs is by Baron et al. (2022). They examine an omni-channel service system that offers both
walk-in and online channels. To receive the final service, customers incur travel costs regardless of
the channel chosen. They show that although the online channel increases revenue, in equilibrium it
reduces customer utility and social welfare. They propose prioritizing walk-in customers to mitigate
these effects. In contrast to these two works, we consider a healthcare setting that offers a virtual
service channel with no travel costs and an in-person channel that requires travel for both initial

and returning visits. We focus on capacity rather than (scheduling) priority decisions.



2.3. Our Contribution

We conclude this section by briefly summarizing our contributions. We develop a modeling frame-
work for an outpatient care provider who offers both in-person and virtual services. Our model
captures the key trade-offs that strategic patients face when choosing between these two channels.
A notable feature of our model is that it captures the difference in care quality between channels:
patients who choose the virtual channel may need an in-person return visit. In the post-pandemic
era, in-person visits are regaining popularity, and transportation support is one of the most effec-
tive ways to facilitate these visits, either offered by the provider or subsidized by the government.
We also study how transportation support can be incorporated into provider operations and its
broader impact.

In our analysis, we first prove the existence and uniqueness of a mixed strategy equilibrium for
patient choice, based on which we characterize the optimal capacity management strategy for a
revenue maximizing provider. We find that the size of the system, measured by the total available
service capacity relative to the overall patient demand, plays a critical role in determining the
optimal capacity allocation of the provider. Small and large systems are better off focusing on
one channel and do not need to offer transportation support, whereas medium-sized systems can
benefit from a careful balance between the two channels alongside transportation support. However,
we caution that providing transportation support can backfire and reduce overall patient access
to care, even when fully funded by the government at no cost to the provider. To prevent such
outcomes, one solution we identify is to differentiate payment rates between in-person and virtual

visits.

3. The Model
We consider an outpatient care provider offering two service channels: in person and virtual, with
a fixed daily capacity of . The provider decides how to allocate the in-person capacity (u;) and
the virtual capacity (u,) such that p; 4 g, = . The actual service time of patients may have some
variability, but with an allocation (py, ft,,), the provider is expected to be able to serve s in-person
patients and u,, virtual patients per day. In practice, outpatient care providers often reserve specific
slots in their daily appointment book for in-person and virtual visits, respectively. Our capacity
allocation model reflects this common approach.

Homogeneous strategic patients arrive following a Poisson process with daily rate A. Each patient,
upon his' arrival, strategically chooses between in-person and virtual service channels, if both are
offered by the provider. Some patients may need a supplementary in-person visit with the same

provider after the virtual visit. This could be due to the challenges of virtual diagnosis (as with

! For convenience, we shall refer to the provider as “she” and a patient as “he” in the rest of this article.



some skin conditions), the need for additional tests before prescribing medication (e.g., urinary
tract infection), or the lack of improvement in patient symptoms with at-home treatments (such
as in cases of persistent sore throats). We assume that for each patient, the ez ante probability of
requiring a supplementary visit is §, and a smaller § indicates greater effectiveness of virtual care.
We also assume that in-person visits always resolve patient health concerns, so patients do not
need to revisit the provider after an in-person visit for the same issue. Note that supplementary
visits resulting from the ineffectiveness of virtual care are fundamentally different from follow-
up in-person visits triggered by other health concerns, e.g., chronic conditions. We use the term
“supplementary” to emphasize that this visit addresses the same episode of health issue that was
not fully resolved by the initial virtual visit. In contrast, follow-up visits are not the result of an
ineffective initial visit but are often required by clinical protocols. We assume that the demand for
such follow-up visits depends solely on population characteristics and can therefore be incorporated
into the daily demand rate A.

Moreover, patients may have a range of other care options, such as seeking care at emergency
departments, considering urgent care service, or resorting to self-care at home (Khairat et al. 2021).
To encapsulate all these options, we include “balking” as a third option within the patient’s choice
set. This approach allows us to capture the full range of patient decisions in response to the offered
services. Patients make their choices based on the expected utilities of these options, which depend
on the expected wait time to get service, the associated travel cost, if any, as well as the need for
a supplementary visit.

Given that patients are ex ante homogeneous, we identify the equilibrium in the class of mixed
and symmetric strategies. Denote any mixed strategy by (py,p,,ps), where py, p,, and py, respec-
tively, represent the probabilities that a random patient, upon his arrival, chooses the in-person
channel, the virtual channel, and balking. Note that p; + p, + p, = 1 because these three options
are exhaustive. Hence, we can simplify the representation of the mixed strategy as (ps,p.). Let
Af =psA and A\, = p,A denote the respective arrival rate to the in-person channel and virtual
channel. Then, the pair (A;, \,) represents the effective arrival rate to each channel when a mixed
strategy (ps,po) is adopted. Given that A is fixed, we also use (Af, A,) to denote the patient strategy
for notational simplicity.

Our model can be extended to incorporate patient heterogeneity in travel cost and health needs
(see Remark 1 and Remark 3, respectively). However, since patient heterogeneity does not alter
the key insights, we focus on the current model with homogeneous patients for clarity and ease of

discussion.
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3.1. Patient’s Utility

To analyze patient strategy, we start by examining the utility of each choice. We begin with the
arrival-service process under any given strategy (A, A,). Recall that the provider divides her daily
capacity into in-person service slots and virtual slots, so that she has the capacity to serve py
in-person patients and p, virtual patients per day. In-person (virtual) slots are dedicated to in-
person (virtual) patients only. Thus, one can view the in-person and virtual service channels as
two independent “servers”.

Inspired by prior literature employing stylized single-server queueing models to address strategic-
level questions in outpatient care services (Green and Savin 2008, Liu and Ziya 2014, Zacharias
and Armony 2016, Liu et al. 2023), we adopt a network of two stylized single-server queues to
capture the evolution of system dynamics. When a patient requests a virtual visit, he is scheduled
to the end of the virtual care queue (i.e., added to the virtual visit appointment backlog). Upon
completion of virtual service, if a supplementary in-person visit is required, the patient is scheduled
to the end of the in-person care queue. Similarly, a patient requesting an in-person visit is directly
added to the end of the in-person care queue (i.e., to the in-person visit appointment backlog).
In this framework, queue waiting encompasses both appointment delay and waiting in the actual
or virtual service line for care. For tractability, and without losing key insights, we model both
the arrival and service processes as Markovian, following Green and Savin (2008), Liu and Ziya
(2014) and Liu (2016). Hence, this queueing network is a Jackson network (see Figure 1). In steady
state, it functions as two M/M/1 queues, one representing the virtual channel and the other the
in-person channel. The arrival and service rates are A\, and p,, respectively, in the virtual queue,

and Ay + 6\, and py, respectively, in the in-person queue.

Figure 1 lllustration of the model featuring patients choosing among virtual visit, in-person visit or balking.
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Next, we quantify the expected utility associated with each option.
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Cost of each in-person visit. If a patient chooses the in-person channel, he incurs a cost T,
which represents the disutility associated with each in-person visit, such as inconvenience and cost
due to transportation. For ease of discussion, We call T the travel cost. Since each queue in the
Jackson network can be regarded as an M/M/1 queue, the expected waiting time in the system
for each in-person visit is

1
pr—Ap+0A,) (1)

Wf(/\f7 )‘v) =

Let 0; denote the waiting cost per unit of time in the in-person channel. Then, the expected total

cost associated with each in-person visit is
CrApsA) =T+ 0, Wi (A, Ao). (2)

Cost of each virtual visit. The expected waiting time in the system for the virtual channel is

1
Ay) = .
WU( 1) ,va_)\v

(3)
Let 6, denote the waiting cost per unit of time for patients in this channel. Since patients choosing
the in-person channel must commute to and stay in the clinic, whereas patients on the virtual
channel can see providers in a more comfortable environment such as their homes, it is natural to
impose that 0 > 0,.

Though the virtual channel incurs no travel cost and has a lower waiting cost rate, patients
starting with the virtual channel may need a supplementary in-person visit, with all the additional

disutility associated with it. The expected total cost of each virtual visit (followed by the necessary

in-person visit) is, therefore,
Co(Aps Ap) =0, W, (X)) +3Cr(Af, Ay). (4)

Utility of each option. Patients receive a service reward R once their health concerns are
addressed. Without loss of generality, we normalize the utility of balking to be 0. Let U¢(-), U,(-),
and U,(-) represent the expected utilities of choosing in-person visit, virtual visit, and balking,

respectively. Then, by (1)—(4), the utility for each alternative is:

Oy
Us(Ai, Ay) =R-—T — , 5
s ) g — (Mg +0A,) )
0, r
U,(A¢, A\y) =R — — 0T — , 6
( d ) :u’v_)‘v Mf_()\f+5)‘v) ()

Up(Asy Ay) = 0.
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3.2. Patient Equilibrium Strategy

Given (puy,t,), a strategy (As,A,) is a symmetric equilibrium strategy if it constitutes the best
response to itself. In other words, no patient can unilaterally increase his own utility by deviating
from this strategy. More formally, the equilibrium effective arrival rates (As, \,) must satisfy the
following condition:

CONDITION 1. For z = f,v or b, if A\, >0, then we have
Ua;()\fv)\v) :max{Uf()\f,)\U),Ul,()\f,)\v),Ub()\f,)\U)}.

According to Condition 1, Table 1 provides a summary of the different strategies along with the
conditions on their corresponding effective arrival rates and utilities. To illustrate various strategies,
we use the following symbols: B for the pure strategy of balking, V for the pure strategy of
choosing the virtual channel, and F for the pure strategy of selecting the face-to-face channel (i.e.,
the in-person channel). The mixed strategies, combining these choices, are denoted by the letter
combinations of B, V, and F. Altogether, there are seven distinct types of strategies: B, V, F, BVF,
BF, BV and VF.

Table 1 Equilibrium Strategies

Strategy \ Effective Arrival Rates \ Utilities
B Ap=0, A\,=0 Us(0,0) <0, U,(0,0)<0
V Ap=0, A\, =A Us(0,A) <U,(0,A), U,(0,A)>0
F )\f:A, )\UZO Uf(A,O)ZUv(A,O), Uf(A,O)EO
BVF Ar+ A, <A Ur( A, X)) =Up (A, M) =0
BF A <A, A,=0 Ur(A;,0)=0, U,(A;,0)<0
BV Ap=0, A, <A Us(0,N,) <0, U,(0,X,)=0
VF Af+ A=A Ur(Ap, Ap) =Uy(Af, Ay) >0

Following Table 1, we derive the explicit conditions on (py, f1,,) that determine which strategy is
adopted. These conditions define seven regions for service capacity allocation, namely Region B,
V, F, BVF, BF, BV and VF. For instance, Region BVF encompasses capacity allocation (1, ft,)
where patients choose the BVF strategy, and is described by the following inequalities:

_—
o= 1-0R’
0, 36,
_ > _
0, 0,
1—6)u, <A -
(L= 0)py SA+ o= 4+

The specific closed-form definitions for all regions can be found in Definition EC.1 of E-Companion
EC.1.1. With the x-axis representing iy and the y-axis representing p,, Figure 2 depicts these

seven regions.
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Figure 2 lllustration of the seven equilibrium regions.
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Along with Definition EC.1, Theorem 1 formally establishes the existence and uniqueness of the

equilibrium strategy for patients, given any service capacity allocation (f, f1,).

THEOREM 1 (The Existence and Uniqueness of Patient Equilibrium). The seven
regions of (g, i,) defined in Definition EC.1 are mutually exclusive and collectively exhaustive.
And in each region, there exists a unique equilibrium strategy.

1. When (uys, 1) € Region B, there exists a unique equilibrium strateqy — strategy B — such that
A=A, =0.

2. When (uy,p,) € Region V., there exists a unique equilibrium strateqy — strategy V — such that
Ar=0 and \, = A.

3. When (uy,p,) € Region F, there exists a unique equilibrium strategy — strategy F' — such that
A=A and A\, =0.

4. When (i, 1t,) € Region BVF, there exists a unique equilibrium strateqy — strateqy BVF —
such that X\ = py —0p, —0;[R—T]7' +06,[(1—0)R]™ and N\, = p, —0,[(1 = )R] *.

5. When (ps, pty) € Region BF, there exists a unique equilibrium strategy — strategy BF — such
that \p =py—0;[R—T]* and A\, =0.

6. When (pis, 1t,) € Region BV, there exists a unique equilibrium strateqy — strategy BV — such
that Ay =0 and A\, = (B—/D? +46%0,0,)[2A] ", where A= (R—0T)5, B=(R—6T)(py +op,) —
6(05+0,), and D= (R —6T)(py — 6po) — 6(0; — 6,).
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7. When (pis, jty) € Region VF, there exists a unique equilibrium strategy — strateqgy VF — such
that A\p = A —(—=B+1/D? +40;0,)2A] " and \, = (—B+/D? +40,0,)[2A] ", where A= (1-6)T,
B=(0r+0,)+ Ty~ A— (1= )n,), and D= (05— 0,) + Ty — A+ (1—)p,).

REMARK 1. In the current model, all patients have the same travel cost T. The model can be
extended to incorporate heterogeneous (uniformly distributed) travel costs. The resulting patient
equilibrium has a similar structure to that described in Theorem 1; see E-Companion EC.2 for
details.

In equilibrium, when py is small, no patient will choose the in-person channel; when i, is small,
no patient will choose the virtual channel. When both py and p, are small, all patients will balk. It
is worth noting that p; impacts the utilities of both channels—in-person and virtual. In particular,
when gy is small, those who choose virtual visits can still suffer because some of them need a
supplementary in-person visit for which they will have to wait a long time and, accordingly, have
low utility. Hence, when 1 is small, regardless of how large p, is, some patients will balk. When p ¢
is large, however, regardless of how small p, is, no patient will balk. To the best of our knowledge,
Theorem 1 is the first in the literature to fully characterize the patient equilibrium strategy across
all possible provider capacity allocations in this type of model. This characterization is essential

for deriving the global optimal solution to the subsequent provider’s problem.

3.3. The Provider’s Problem

Considering patient strategic behavior, the provider aims to maximize her expected daily rewards
by choosing a capacity allocation (jy,,) such that p; + p, = p. The provider receives payment
r¢ and r, for each patient who chooses the in-person channel and the virtual channel, respectively.
The provider’s problem can be formally defined as follows.

max Ty p 4Ty, (P)

Hfs Ho >0

st g+ py = p,
(Af,A) is defined in Theorem 1.

For any given capacity allocation (jiy, t,) in the feasible solution space, Theorem 1 confirms that
there exists a unique patient equilibrium, and hence Problem (P) is well defined.

REMARK 2. The provider’s revenue structure in our model is quite flexible and can capture
commonly-adopted reimbursement regimes in healthcare. The pair (r,r,) naturally represents a
bundle payment mechanism because r,, covers the whole episode of care, which may involve a
supplementary in-person visit. Under the fee-for-service payment mechanism, where 755 and 75*3
represent the payments for each virtual and in-person visit respectively, the model can still be
applied by setting the provider’s rewards (ry,7,) as (ry"°,r; "5 4 0rf"®).

r o
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4. Optimal Capacity Allocation
In this section, we investigate the optimal capacity allocation in problem (P). Recall that Definition
EC.1 and Theorem 1 partition the solution space for capacity allocation (u s, ) into seven regions.
We start by exploring the optimal capacity allocation in each region. Specifically, for any Region
X defined in Definition EC.1, we incorporate the constraints of (i, i,) into Problem (P), where
X=B, V, F, BVF, BF, BV or VF. We denote the optimal solution and the corresponding effective
arrival rates subject to Region X, if they exist, as (uf*, uX*) and (AY*,A*). Then, we compare
the optimal objective values of (P) across all regions to find the global optimal capacity allocation.
Region B, V and F are trivial cases where any feasible capacity allocation results in the same
equilibrium. In Region BF, the equilibrium arrival rates are (AP",A07) = (uy — 6;[R —T]7",0)
according to Theorem 1. It is thus clear that the optimal choice is to maximize the value of .
The following Proposition summarizes the optimal capacity allocation and the resulting patient

equilibrium arrival rates in these relatively straightforward regions.

PROPOSITION 1 (Optimal Capacity Allocation in Regions B, V, F and BF). In
Regions B, V and F, any feasible allocation is optimal. In addition, (\F*, AJ*) = (0,0), (\Y*,A\)*) =
(0,A) and (\{*,AEF*) = (A,0). For Region BF, (uf™, pB™™) = (a7", u—af") where mi" is the
largest iy such that (g, — puy) € Region BF, and (A7, ABF*) = (@™ —0; [R — T)™",0).

For Region BVF, since the equilibrium AJV" (AZY") linearly increases in u, (p15) with everything
else being fixed, one would expect the optimal capacity allocation to be a “bang-bang” type of

control. The following proposition formalizes this intuition.

PROPOSITION 2 (Optimal Capacity Allocation subject to Region BVF). Let

[HSVF,ﬁfVF] denote the range for p, such that (p— i, ) € Region BV F. The optimal capacity

allocation depends on the payment rates such that if r, > (1 + 0)ry, then (ufV"*, ulV") =

(u — EBYF GBYF): otherwise, (M?VF*’MEVF*) = (u— HUBVF’HfVF)

rium arrivel rates (/\]]?VF*,)\UBVF*) = (M?VF* —0;[R— T]f1 — ouBVEr 460, [(1— 5)R]71  puBVEs —
0,[(1—68)R] ).

. The corresponding equilib-

In light of the equilibrium outcomes stipulated in Theorem 1, the process of deriving the optimal

capacity allocation, which maximizes A2V subject to Region BV, is quite involved. Three possi-
bilities exist: Region BV prevails over Region V; Region V is infeasible and Region BV dominates
Region BVF; or Region V is infeasible and Region BV is subordinate to Region BVF. Proposition

3 provides detailed descriptions of these scenarios.

PrROPOSITION 3 (Optimal Capacity Allocation subject to Region BV).
Define ji5V = (,u —(0(0f —0,) +(1—6)4/0640,) [R— 5T}71) [1+6]"". Then, we have:
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~Ifp>AQ+6) +min{0,[R—T]" +06,[1 \/W—i-\/» [R—6T)'}, any feasi-
ble allocation lying on the boundary between Regwn BV and Region V 1is optimal, leading to
(FV* APV = (0, ),

~If p< A1+ 0) + min{6; [R—T]"" +6,[(1 Y (/005 + VB2 [R—6T) '} and (u —
iV ii;") € Region BV, then (uf"* p;"") = (u = @V ") and AFVF = (p— (/o0 +
VB2 [R=0T) ) [1+06]

— Otherwise, (uf"*, ulV*) = (u—p2V,u"v), where pv is the lower bound for i, such that
(1t — fto, 1) € Region BV, leading to \BV* = (u—60;[R—T)" —0,[(1—6)R] ") [14+ 6] "

Finally, the optimal allocation and the effective arrival rates subject to Region VF are charac-
terized by Proposition 4.

PRrROPOSITION 4 (Optimal Capacity Allocation subject to Region VF). Let [EL/FJLUVF]

denote the range for u, such that (u— pu,, i) € Region VF.

A >, (YT pl ) = (=T "), then AT = min{A, 67 (p — A — 6, [R-T]"" —
0,[(1—0)R]™")} and AYF* = A — AVF™*,

~ If r, =15, any feasible allocation is optimal and Tf)\VF* +r, N =rA=r,A.

~Ifr,<ry, (M}/F*’ML/F*) (/‘_HZFvﬁl‘,/F) and (/\VF* AVFS) = (A,0).

This proposition indicates that the optimal capacity allocation within Region VF depends on the
relationship between r; and r,. If 7, is larger, the capacity should be allocated to the in-person
channel as much as possible; if r, is larger, however, the capacity should be allocated to the virtual
channel as much as possible.

Following the above results on optimal capacity allocation subject to each region, we proceed to
identify the global optimal capacity allocation. We start by defining several system-size categories
to facilitate the subsequent discussions.

DEFINITION 1. Given the system’s primitives, we consider the following system-size categories
with respect to the total service capacity pu.

1. Small System:

o, 6
R-T (1-0)R

maX{RHfT b }<#<A+

2. Medium-sized System:

0; 0,

A
TR-T T U=0OR"

3. Large System:
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Figure 3 lllustration of three system-size categories.

In the definition for Small System, the parameter EB V' denotes the minimum value of ; necessary
to achieve Region BV. The detailed formulation of this parameter is provided in E-Companion
EC.1.2. Figure 3 depicts the three distinct categories of system size in different colors. Note that
we do not consider the region where p is less than max{Gf [R— T]_l , EBV}, which corresponds
to the uncolored, bottom-left corner in Figure 3. This is a less interesting region with very small

capacity such that patients either balk entirely or mix between balking and one service channel.

THEOREM 2 (Optimal Capacity Allocation). The optimal capacity allocation (p}, ;) for
each system-size category can be described as follows.

1. Small System: If rymin{A,u— 0;[R—T]) '} > r,ABV", (1f, ) is in Region BF (with
Region F considered a special case of Region BF); otherwise, (u}, ;) is in Region BV.

2. Medium-sized Systems: If r,\BV* > r A + 6 (r, — 1)) (u — A — 0, [R(1—0)]" —
0;[R—T]"), (W, ) is in Region BV otherwise, (u},p,) is in Region VF (with Region F con-
sidered a special case of Region VF and dominating Region VE when ry>r,).

3. Large System: If r, > 1y, (u},p;)is in Region V; otherwise, (ju}, ;) is in Region F.

REMARK 3. The current model assumes that all patients can initially be served by either the
in-person or virtual channel. The model can be extended to incorporate heterogeneous health needs
as follows: some patients, arriving at an exogenous rate of Ag, must access the in-person channel.
The provider “carves out” ug service capacity for them and then allocates the remaining pu — pug

capacity between the in-person and virtual channels for strategic patients who choose between
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the two. All results in Sections 3 and 4 directly apply to assist the provider in making capacity
allocation decisions in this case.

In a small system, Region BVF is dominated by Region BV or Region BF, because the optimal
solution lies on the region boundary, as discussed in Proposition 2. When the in-person channel
offers greater benefits to the provider, she would attract the maximum number of patients to this
particular channel by dedicating all capacity to the in-person channel. Conversely, if the virtual
channel brings higher payments, the provider should strive to draw in as many patients as possible
to the virtual channel. This can be achieved by setting a relatively large virtual service capac-
ity and reserving an appropriate level of in-person service capacity for virtual patients requiring
supplementary in-person services. In short, the pooling effect drives the optimal choice in a small
system: the provider should use her limited capacity to focus on one type of patients.

For a medium-sized system, Region BVF proves to be sub-optimal. When the in-person pay-
ment rate r; is sufficiently large, it is more beneficial to draw all patients towards the in-person
service channel. Conversely, if the virtual service payment rate r, is adequately large, directing all
patients to the virtual channel (even with some balking) yields higher revenues. When the payment
gap between in-person and virtual channels is not overly pronounced, attracting patients to both
channels and not to lose any is the favorable approach. In a medium-sized system, the provider
has enough capacity to avoid patient balking, but she needs to consider if she should attract all
patients who intend to balk, and if so, how to balance capacity allocation between two channels.

Lastly, for a large system, no patients would balk regardless of how the service provider allocates
capacity. Naturally, the provider would aim to channel patients to the more “profitable” option.
In this case, the key decision driver is the payment or revenue margin per patient.

Theorem 2 reveals that the provider’s optimal capacity strategy depends on the capacity-demand
relationship in her own practice as well as the external payment environment. In practice, providers
are rarely large systems, as healthcare resources are often limited. Most providers likely function as
medium-sized systems unless capacity is extremely constrained. As discussed later, as the payment
rates for in-person and virtual channels are relatively similar, balancing these two channels is

crucial for managing operational efficiency.

5. Model with Transportation Subsidy

Transportation service is an important support mechanism for in-person visits. It can be financed
directly by the provider or subsidized by the government, thus being cost-free to the provider.
Transportation support takes a variety of forms, including reimbursement of transportation fees,
shuttle services, coordinated shared ride programs, parking vouchers, and daily subway passes. In

this section, we examine the impact of providing transportation support on patient behavior and
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provider operations. For ease of discussion, we will use “subsidy” as an umbrella term for these
different forms of transportation support. Let b > 0 denote the transportation subsidy for each

in-person visit. Regardless of who pays for the subsidy, the patient utility functions are modified

as follows.
UL (A A,U):R—T+b—9—f~ (7)
! ’ [IJf—)\f—(s)\U7
0 60
(N \)=R— v T4+ —
Uv( £ U) R Nv_>\v * Mf_)\f_é)\v

Generally, we allow b to exceed the travel cost T. However, when the subsidy is paid by the provider,

we impose that it does not exceed the received payment, i.e.,
b<r; and db<r,. (8)

These conditions guarantee a positive expected net revenue from each visit for the provider.

The impact of transportation subsidies on patient behavior is multifaceted. On the one hand,
such subsidies may prompt patients to opt for the in-person service channel. On the other hand,
they could lead patients to choose the virtual channel, potentially allowing them to take advantage
of the subsidy in the event that a subsequent in-person visit becomes necessary. As the impact
of transportation subsidies on patient equilibrium behavior does not depend on who pays for the
subsidy, we start by analyzing patient equilibrium behavior for a given b. We then explore two
scenarios: one where the subsidy is paid by the provider and another covered by the government. In
each scenario, we investigate the impact of transportation subsidies on the overall access rate, i.e.,
the proportion of patients who do not balk. This total access rate can be regarded as an indicator

of social welfare (Cakici1 and Mills 2024).

5.1. Patients’ Equilibrium Strategy
Similar to the base model without a transportation subsidy (as detailed in Section 3.2), when a
fixed transportation subsidy b is provided, the capacity allocation space can be partitioned into
seven mutually exclusive and collectively exhaustive regions: namely, Region B, V, F, BVF, BF,
BV, and VF. Their detailed definitions are presented in Definition EC.2 of E-Companion EC.1.3.
Corollary EC.1 in E-Companion EC.1.3 outlines the equilibrium strategies of patients for any given
service capacity allocation (i, 11,) and a non-negative transportation subsidy b. We omit details
here as Corollary EC.1 is similar to Theorem 1.

With a transportation subsidy, patient equilibrium strategies share similar structures to those in
the case without it. The only difference is that T is replaced by T — b, while other factors remain

unchanged. This difference slightly alters the divisions of these regions as the utility functions now
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Figure 4 lllustrations of equilibrium regions under different values of b.
b =0 (solid black), b=2 (dashed red) b =0 (solid black), b=>5 (dashed red)
: v
BV i | Ll By
S ; : “/\ VF
) VF
BUF 5\ i\ S/ BvF
: F
B BF F . BF

I 17
Note. A=1,T=4, R=8,6=0.7, 0 =1, 6, =0.6.

incorporate b. It should be noted that the sign of (7' — b) influences the boundary shapes between
Region V and Region VF, as well as between Region F and Region VF. Figure 4 depicts the changes
in the regional structures for different values of b. We observe that with a positive transportation
subsidy b, the boundaries shift to the left, leading to a smaller Region B. When T'— b is positive (as
shown in the left plot), the boundary shapes remain the same. In contrast, when T'—b is negative
(as shown in the right plot), the shapes change: Region V, where all patients opt for the virtual
channel, shrinks significantly, while Region F, where all patients choose the in-person channel,
expands. Overall, offering a transportation subsidy for in-person visits reduces balking and has the

potential to increase service utilization, particularly for the in-person channel.

5.2. When the Provider Offers a Transportation Subsidy

5.2.1. The Provider’s Optimal Joint Decision on Capacity and Transportation Sub-
sidy In this subsection, we study the provider’s joint decision regarding the transportation subsidy
b and the capacity allocation (py, ). Specifically, the provider seeks to solve the following opti-
mization problem.

max  (ry—b)As+ (1, —b)A, (P1)

Hfs Ho >0

st. pp A+, =1,
(Af,Ay) is defined in Corollary EC.1.

The complexity of (P1) arises from the fact that varying values of b result in distinct feasible
equilibrium regions, leading to different optimal capacity allocation patterns.
We start our analysis by examining the optimal capacity allocation for an arbitrary value of b.

Since the patient equilibrium exhibits a similar structure to that described in Section 3.2, all the
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optimization outcomes can be directly derived from the prior analysis in Section 4. To streamline
the analysis, in Corollary 1, we consolidate all potential scenarios regarding the optimal capacity

allocation for any given b.

COROLLARY 1 (Equilibrium under Optimal Capacity Allocation with a Fixed b).
Given a subsidy b, the optimal capacity allocation (j13(b), p; (b)) should lead to one of the following
equilibrium scenarios.

1. Scenario B: All patients balk.

2. Scenario NV: No patient chooses the virtual channel. Therefore, AV =0 and A}V =
min{A,pu—60;[R—T+b]"'}.

3. Scenario NF': No patient chooses the in-person channel. Therefore, )\}VF =0 and

Y 1+8  (146)(R—6T+0db) (R—6T+6b) = R—T+b (1-6R’

min{A B (/307 +/02)2 } if 505 —00)+(1—5), /56,6, < 0 56,
ANE — (9)

) 0
min {A ! 4

' T45 ~ (AT (1+5)(§_5)R} , otherwise.

4. Scenario VF: No patient balks. Therefore, \y¥ = A —\/F and

1 0 0
VF _ — A v o f
& 5<’“‘ A AR R—T+b>‘ (10)

These four scenarios constitute a refined version of the regions discussed in Theorem 1. For instance,

Scenario NV describes the equilibrium arrival rates assuming that the provider’s optimal joint
decision leads to Regions BF or F.

Next, we identify the optimal b within each specific scenario, and then, we derive the globally
optimal joint decision of b* and (,u,}7 ) through a comparison of these four scenarios. For Scenario
B, the analysis is straightforward: there is no need to consider a transportation subsidy and hence
the optimal b is zero. The analyses of other scenarios are more challenging because the value of
b influences which scenario is possible. To facilitate our analysis, we first establish the range of b
that renders a particular scenario feasible. We begin by establishing a common upper bound for b*

in the following lemma.

LEMMA 1. The optimal subsidy b* must satisfy b* <b where

0o, if p<(1+0)A+ 5%,
b= (11)
i — — R+T, otherwise.

n= () A~ %

When b reaches b, the provider can attract all patients under the optimal capacity allocation, and

there is no need to consider the case of b > b. In other words, b is the smallest b that allows the
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system to function as a “large” system, as per Definition 1. Following Lemma 1, we refine the
upper bound for b* within each specific scenario.

Let byv, byr and by denote the refined, scenario-specific upper bound of b* when examining
the optimal subsidy subject to scenarios NV, NF, and VF, respectively. Each of these refined
upper bounds is the minimum of three valid upper bounds. The first is the global upper bound
b presented in Lemma 1. The second is min{r;,6 r,} such that inequality (8) holds to ensure
that the payment to the provider exceeds the subsidy. A larger subsidy b leads to a higher total
arrival rate in each scenario. But the maximum total arrival rate is A, which defines the third valid
upper bound for b. The detailed formulations for byv, byr and by p can be found in E-Companion
EC.1.3.2.

Now, we determine the lower bound of b* when studying the optimal subsidy subject to a specific
scenario. Let by, byp and by, represent the smallest b that respectively makes Scenarios NV,
NF, and VF possibly feasible. For instance, byy =6pu~' — R+ T, which ensures that A}’ is non-
negative. The specific formulations for by, by and by, can be found in E-Companion EC.1.3.2.

After characterizing these bounds of b*, we can analyze b* itself in each scenario described in
Corollary 1. For Scenario B, the optimal 5%* = 0. For Scenario X € {NV, NF,V F}, the provider
solves

max (r;— b))\f + (ry — IL)AX, (12)

belbx, bx]
where A and A are defined in Corollary 1, and by and by are defined in E-Companion EC.1.3.2.
We use a superscript (e.g., B in b%*) to denote the optimal b in each scenario.
We discuss the optimal subsidy by scenario. Proposition 5 presents the optimal subsidy subject

to Scenario NV.
PRrROPOSITION 5 (Optimal b Subject to Scenario NV).
byys if bV <byvy,

bNV* = ENV’ ibeV S bNV < bNV;

ENV7 if NV > l_)NVz

where

v (BT Hry)  p s
I
Solving bVF* for Scenario NF is challenging due to the complexity of the patient equilibrium

involved. By imposing an additional technical assumption, we derive a closed-form expression for

bNF*
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PROPOSITION 6 (Optimal b Subject to Scenario NF). Define

B R— 6T +6b R-T+b (1-90)R’

Let

(/305 +VI)VR=ITHr0 st (/00 +VO)VE=3TFrv  p_st <0

SR 5o o SR 5 =

bNF

04 (SR—8T+ry )
f(iwvr) — R+T, otherwise,

MR
where b° solves f(b) =0. Suppose that f(0) <0, then
byp, if ONF <byp,

WV = L ONE i by <OVF <byp,

BNFa if ONF > byr-
The additional assumption f(0) < 0 restricts , the probability of needing a supplementary visit,
from being too large. That aligns with practical return probabilities, which are estimated to be
6—20% (Yamamoto 2014, Uscher-Pines et al. 2016, Shi et al. 2018). Lastly, Proposition 7 derives
the optimal subsidy subject to Scenario VF.

PROPOSITION 7 (Optimal b Subject to Scenario VF). Define

~ Op(ry —ry)—(1—=6)0;,(R—T)

bVF: f f f _R T.
\/ —(1-8u+A+06,/R *

Ifry—r;—(1=8)(R-T)<0, (1-8)u—A—0,/R>0, and b"F € [byp,byr], then bVF* =pVF.

Otherwise, bYF* takes the value of by or by, whichever yields the higher net revenue.

Upon characterizing the optimal subsidy within each given scenario, we determine the one yield-
ing the greatest net revenue as the globally optimal subsidy. To achieve this, we establish several
thresholds for p to streamline the selection of the optimal scenario. We denote p (where X =
NV,NF,VF) as the minimum capacity necessary to ensure the occurrence of Scenario X. Addi-
tionally, we introduce fi as the threshold, above which no subsidies are needed. Precisely, when
i > i, the provider can attain Regions F and V (see Corollary EC.1) without any subsidy. The
detailed expressions for these capacity thresholds are available in E-Companion EC.1.3.3. By uti-
lizing these thresholds, we can specify which scenario, as defined in Corollary 1, is optimal based

on the size of the system, u. Proposition 8 summarizes the optimal scenario for any pu.

PROPOSITION 8. The optimal scenario for a given service capacity p is as follows.



24

1. When p < min{HNv’HNF}’ Scenario B is optimal, and b* =0.
2. When min{p ,p, b <p<max{p  ,p  }:
o If By < Hppo Scenario NF is optimal, and b* =by .
o [f By > Byp Scenario NV is optimal, and b* = by, .
3. When maX{HNv’HNF} S < pi, ., the optimal scenario is either NV or NF.
4. When Hop S0 <f, the optimal scenario is either NV, NF, or VF.
5. When pu> i, b*=0.

Proposition 8 shows that transportation subsidy only benefits the provider when the system size

is neither too small nor too large, i.e., in cases 2 to 4 where min{p . p .} <p<p.

5.2.2. Impact on Access to Care Offering transportation subsidies helps the provider
increase her revenues and improves the accessibility of the in-person channel for patients. However,
its impact on overall patient access to care is unclear. In our analysis, we operationalize the overall
patient access to care by the total effective arrival rate of patients who access the healthcare service
without balking. i.e, A} + A}, where A} and A; are the effective arrival rates in equilibrium under
the provider’s optimal joint decision b* and (u}, ;). As discussed in Cakic1 and Mills (2024), the
overall patient access to care can be viewed as a measure of social welfare. If such a subsidy, despite
increasing the provider’s revenue, reduces the overall patient access, its adoption deserves caution.
Section 6 will investigate this issue using model parameters informed by real-world data. Here, we
first derive sufficient conditions to ensure that the total access rate does not decline when utilizing

a subsidy.

PROPOSITION 9. Suppose the provider offers a transportation subsidy and jointly optimizes it
with capacity allocation. With all model parameters fized, the total access rate will not decrease
under any of the following conditions.

1. Large system.

2. Medium-sized system or small system with > A+0;[R—T]™*, if

v v A
™1 or TZ(l—i—(S)max{l, 7 - } (13)
" " T RT GO

3. Small system with u < A+60;[R—T]7", if

0 0
Ty (L+0) (1 — 525) r, - (1+0) (10— 5%)
— <min< 1, NN T or — > 5 PR
Tf m— % Tf B R-T (1—1(;)}%

A large system has no incentive to provide transportation subsidy, and thus the access rate will

not be influenced. As for medium-sized or small systems, when the ratio between r, and r; is
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sufficiently small or large, the total access rate will not decrease when adopting the optimal subsidy.
To see this, let us consider the case where r, /7 is small enough. In this case, the in-person channel
is preferable as it generates higher marginal revenue. Thus, the provider will tend not to utilize
the virtual channel and we will have A}(0) =0 (let A\3(b) and X;(b) denote the effective arrival
rates under optimal capacity allocation with b). After utilizing the optimal subsidy, the provider
achieves higher revenue at a lower net payment per patient, which implies a larger access rate. To
be more specific, we note that 7 A5(b*) + A5 (b*) > (rp — b*)AF(b*) + (ry — 60" )A; (") > 7, A3(0),
implying A} (b*) + A5 (b*) > A3(0) because r; > r,. A similar argument can explain why when 7, /7

is large enough, the total access rate will not decrease when the optimal subsidy is utilized.

5.3. When the Government Provides a Transportation Subsidy
In this subsection, we study the scenario where the subsidy is paid by the government and, there-
fore, incurs no cost to the provider. The provider’s objective is the same as in (P), while patient

equilibrium behavior is governed by Corollary EC.1 under a given subsidy b.

max  TyAp Ty, (P2)

Hf, Ho>0

st pp Ay =,
(Ar,Ay) is defined in Corollary EC.1.

In (P2), the provider’s optimal capacity allocation can be analyzed similarly to the base model
(P), with T replaced by T'—b. All results from Theorem 2 can be readily applied.

Transportation subsidies make it easier for patients to access the in-person channel and improve
patient utilities. As the provider bears no cost, one may expect transportation subsidies paid by the
government would always increase patient access to care. However, the provider can capitalize on
the improved patient utility and adjust her capacity allocation decisions, which affect the patient
mix she serves. It is uncertain whether social welfare, measured by the total access rate, necessarily
improves under government interventions.

Similar to Proposition 9, we derive the conditions under which the total access rate will not

decline when the government provides transportation subsidies.

PROPOSITION 10. Suppose that the government provides transportation subsides at no cost to
the provider. With all model parameters fized, the total access rate will not decrease under any of
the following conditions.

1. Large system.

2. Medium-sized system or a small system with > A+ 0;[R—T|*, if

ES (L+9)A —— Y o T”z(l—l—(s)max{l, efA 7 }
s min{(1+5)A,,u(me} s p 5

R—6T+6b

R-T (1-0)R
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3. Small system with p < A+6;[R—T]7", if

o 6 6
e _ (1+0)(n—7'7) ro _ (1+0){Ap— -5} ro _ (1+0)(n—75)
— <min{ 1, or 1< —< or — > 5 .
Ty (/305 +/0y)? Ty (/30 §+/05)? (S S
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Intuitively, patient access to care is less likely to be hurt when the government funds transportation
subsidies to support in-person visits at no cost to the provider. Indeed, the conditions presented in
Proposition 10 are less stringent than those in Proposition 9. However, there is still no theoretical

guarantee that patient access to care will always improve.

6. Numerical Analysis

In this section, we investigate the potential practical impact of transportation subsidies on provider
operations and patient access to care, by calibrating our model using real-world data and previous
empirical studies. Our purpose is not to provide decision support for any specific setting, but to
project the potential practical implications of our analytical results. To populate our model, we
obtain realistic values for the following parameters: transportation cost 7', waiting cost rates 6y
and 6, probability of requiring a supplementary in-person visit after completing a virtual visit §,
and reimbursement rates 7, and r,.

For transportation costs, we distinguish between rural and non-rural areas. A recent research
report by the Rural Health Research Gateway (Ostmo and Rosencrans 2022) finds that rural
residents travel, on average, 17.8 miles for care compared to 8.1 miles for non-rural residents.
Rural residents spend an average of 34.2 minutes traveling for care, compared to 25.5 minutes for
non-rural residents. To convert these transportation efforts into monetary values, we use the 2023
IRS standard mileage rates to calculate travel costs and use wage to measure the value of time,
following the classic economics literature (Becker 1965). Specifically, we consider a millage rate of
$0.655 per mile and use the average hourly wage of $35 reported by the U.S. Bureau of Labor

Statistics (2025). We set the transportation costs, respectively, for rural and non-rural areas as:

34.2-35 25.5-35

Tiweal = 17.8-0.655 + —— ~ $32 d Tyonrural = 8.1-0.655 20.
1 + 60 $ an | + 0 $

We set the in-person waiting cost per hour to be 6; = 35, matching the hourly wage value.
In a call center study, Hathaway et al. (2021) find that callers experience three to six times less
discomfort per unit of time while waiting for callbacks than while waiting in a queue. This suggests
that virtual waiting (akin to waiting for callbacks) is less costly than in-person waiting (similar to
waiting in a queue). Following this rationale, we set 6, =12, about one-third of ;.

The probability of requiring a supplementary in-person visit is set as § = 5%, which is consistent,

though conservative, with previous empirical findings (Gordon et al. 2017, Ashwood et al. 2017,


https://www.irs.gov/newsroom/irs-issues-standard-mileage-rates-for-2023-business-use-increases-3-cents-per-mile
https://www.irs.gov/newsroom/irs-issues-standard-mileage-rates-for-2023-business-use-increases-3-cents-per-mile
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Shi et al. 2018, Li et al. 2021). Furthermore, we use the out-of-pocket cost for an outpatient care
visit as a proxy for the utility of seeing the provider. Such costs range from $32 to $175 per visit
(Rohatsch 2025). In our numerical analysis, we use a moderate value of R = $60.

To set the reimbursement rates, we consider the most-billed office visit CPT code 99214, reim-
bursed at about $100 per visit (Kim 2023). Accordingly, we set r; = $100. Telehealth reimburse-
ments are typically equal or lower than in-person rates. To be concrete, we consider that vir-
tual visits are reimbursed at 80% of the in-person rate, following the reimbursement policy of
Point32Health (Point32Health, Inc. 2024), one of the top twenty health plans in the U.S. Given
0 = 5%, the expected reimbursement for a virtual visit is r, = 80 + 100 x 5% = $85. Lastly, we
consider a practice with an average of 20 patient arrivals per 8-hour day, i.e., the hourly arrival
rate is set as A = 2.5.

Based on these parameters, Figure 5 plots how the proportion of patients who receive services,
i.e., the relative access rate (A7 +A;)/A, changes with the total service capacity y with and without
adopting the transportation subsides. The higher the proportion, the better the overall patient
access to care. We observe that in both the rural and non-rural cases, the dashed curve may
drop below the solid one, suggesting that patient access to care may decrease when the provider
offers transportation subsidies. This is in particular the case in rural areas (see the range where
1= 3.2-3.3), where transportation subsidies make the in-person channel particularly attractive to
patients because the transportation cost is high. By offering transportation subsidies, the provider
can actually achieve a higher revenue with fewer total patient visits through the in-person channel—-
—which, in turn, hurts overall patient access to care.

Figure 6 illustrates how the relative access rate changes at different levels of transportation
subsidies offered by the government. The total service capacity is fixed at g = 3.25. One striking
observation is on the left part of Figure 6: in rural areas, patient access to care may decline
with government-funded transportation subsidy at no cost to the provider! This arises from the
changes in the provider’s optimal operational strategy. When travel costs are high and no subsidies
are available, it is challenging to draw sufficient patients to the in-person channel with a higher
reimbursement rate. As a result, the provider primarily operates the virtual channel with a lower
reimbursement rate to serve more patients. Conversely, with subsidies, it becomes easier to attract
patients to the more “profitable” channel. Even though fewer patients are served, the overall
revenue could still increase. Hence, the provider adjusts her operational strategy, which may lead

to a decrease in the overall access.

7. Conclusion
The use of telemedicine skyrocketed during the COVID-19 pandemic, offering convenience and

reduced travel costs. However, it may not fully address patient needs, sometimes necessitating
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Figure 5 Comparison of access rates with and without provider-funded subsidies for rural and non-rural areas.

Figures/CaseStudy_l-eps-converted-to.pdf |Figures/CaseStudy_2-eps-converted-to.pd

Figure 6 Comparison of access rates with government-funded subsidies for rural and non-rural areas.
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supplementary in-person visits. As the pandemic has subsided, in-person care regains favor. Trans-

portation support—funded by providers or the government—emerges as a key enabler. Meanwhile,

policy discussions are shifting from pay parity, originally designed to promote telemedicine adop-

tion, to pay equity, which aims to align reimbursement with provider effort and patient outcomes.

In this changing landscape for telemedicine practice, we study how an outpatient care provider can

optimally balance virtual and in-person services and determine whether and how to engage with

transportation subsidies.
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Specifically, we develop a stylized queueing-game model to capture the operations of a single
revenue-maximizing provider serving patients who make strategic decisions regarding service chan-
nels. We find that the optimal strategy depends critically on the size of the system. In small and
large systems, focusing on a single channel proves more efficient, and offering transportation sup-
port may not improve revenues. However, medium-sized systems may benefit from offering both
channels in combination with transportation support.

Our study highlights the impact of transportation support on patient access to care. Paradoxi-
cally, offering transportation support may reduce overall patient access to care, even when funded
entirely by the government at no cost to the provider. This occurs because, by offering or with
free transportation support, a provider can achieve higher revenue by shifting demand to the more
“lucrative” service channel, serving fewer patients overall. However, when the payment gap between
the two channels is large enough, the increased patient utilities due to transportation support will
help the provider attract more visits, and thus both the provider’s revenue and the total access
rate will not decrease. To put this discussion in the context of a concrete reimbursement regime,
consider a fee-for-service model. Recall that ry = r§* and r, = r}" + 6r}* in Remark 2. The first
condition in (13) is r,/ry <1, which translates to ri™ < (1 — )75, That is, if the virtual visit
reimbursement is low enough relative to in-person care, the adoption of transportation support
would not hurt overall patient access to care. This implication supports the ongoing policy dis-
cussion that advocates payment equity rather than parity for telemedicine (Shachar et al. 2020).
In the post-pandemic era, proper financial incentives can help ensure that access to care is not
negatively affected as providers reinvest in in-person care.

There are several interesting avenues for future research. First, a different operational lever—
patient prioritization—may be considered. Another possible direction is to consider a setting where
returning patients are served in a separate channel with dedicated capacity. Lastly, the design of
reimbursement policies to align provider incentives with societal goals is not the focus of this work,

and would be a fruitful direction to explore in the future.
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EC.1.3.2. The upper bounds and lower bounds for the optimal b in each scenario
We first derive the upper bounds.

For Scenario NV, recall that in Corollary 1, we have
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Now we derive the lower bounds, which serve as the smallest b that enables achieving each
scenario.

The smallest b that enables achieving Scenario NV is to make sure )\}V V"> 0. Thus we have
Oy
QNV:;—R+T. (EC.27)

The smallest b that enables achieving Scenario NF is to make sure A)'* > 0. Thus we have
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where ®(p) is defined in (EC.22).

The smallest b that enables achieving Scenario VF is to make sure A\}* > 0. Thus we have
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EC.1.3.3. The thresholds for pu The following analysis narrows the options for the optimal
scenario under a given total service capacity u. Specifically, it is the capacity needed for a specific
scenario, when b is set to be the profit margin.
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where ®(p) is defined in (EC.22).
The smallest capacity required to assure Scenario VF is defined by letting p achieve Region VF
when b=min{rs,r,/d}, ie.,

0 0,

=A .
+R—T+min{rf,%” * (1-9)R

EVF

We also define
¢ . 0,
R-T (1-5R

When p > fi, the provider is able to achieve Regions V and F without any subsidy. In other

ii=(1+8)A+

words, there is no need to consider the use of transportation subsidy if u > .
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EC.2. Incorporating Heterogeneity

We consider that the travel cost t is a random variable which follows a uniform distribution. To

simplify the notations, we normalize the scale of ¢ such that ¢ ~ UJ[0,1]. This normalization will

not influence the results as we can also normalize R, 6; and 0,.

Suppose that the effective arrival rates are (As,A,). For any ¢ € [0, 1], we have

0
Ul \)=R—t——— 4
f( f7 ) Mf—)\f—é)\v’
56
UlZp \)) =R —t — !
v( fr ) ,va_)\v’

Uf(As,\) =0.
It is straightforward to have the following Lemma.

LEMmma EC.1.

o IfUL(N\s,\,) >0 then UY (Mg, \,) >0 for any t' <t; and if Ut(A;,\,) <0 then UY (Mg, \,) <0

for any t' >t.

o IfU'(As,\) >0 then U (As,\,) > 0 for any t' <t; and if UL(As,\,) <O then U (As,A,) <0

for any t' >t.

o If UL(\s,\) > Ul(Af,N\,), then UY (Ap,\,) > UL (A\p,\y) for any t' <t; and if Ut(A\;,\,) <

Ul(Ar, ), then UY (A, N,) <UL (Mg, \,) for any t' > t.

Following Lemma EC.1, Theorem EC.1 below establishes the existence and uniqueness of the

equilibrium strategy for patients, given any service capacity allocation (g, u,). We first define the

following regions.

DEFINITION EC.3.

e Region B:
O
C< 2
My > R7
00 6,
—L+=>R
1277 Ho
e Region V:

Ouper — (1= 08)0p 1, <[00, — (1—06)0]A,
50, 0,
< _
pi—oA - A SH=0

prp > 0A,

ey > A

(EC.30)

(EC.31)

EC.32
EC.33
EC.34
EC.35

—~ o~ o~
— —  —
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e Region F:
0
> — .
,uf_R_l—FA, (EC.36)
b _ (1=0)0 >1—04. (EC.37)
Hy Hr— A
e Region BVF:
5O (EC.38)
/’LU (1 _ 5)R7 .
At 200, A 200¢A

+
(1-9) [RA — Oty — \/(RA— O )? + ‘(*‘f‘igﬂ 26(py — A) + (1 —6) [RA+5MU - \/(RA — Op,)? + 420d

RA+ 6y, — \/ (RA — o) + 1222
2

466, A
(1-9)

> for (1—19) RA—I—(SM—\/(RA—(MUV%— > 20(A — py),

(EC.39)
and, when (1—9)6; — 06, > 0:

[(1—6)6, —36,]° A
A= 0) ity — o) " for (1—0)0;p0 — Oupy 20,
(EC.40)

pg>0p, for (1—206)0pp, —O,pp > 0; (EC.41)

[(1 - 5)9f - 501}] RA—¢ [(1 - 5)0)””11 - QUUf] -

when (1—10)6; — 06, <O0:

[(1—68)8; —60,)° A

(1= )07 = 00.JRA = 6[(1 = )05, = butts) = S350 =5

>0 for py <op,, (EC.42)

(1—=0)0pp, — Oy <O. (EC.43)
e Region BF:
Oy
—= EC.44
me> 5 (EC.44)
<y (EC.45)
)
. EC.4
o Region BV:
W% g, (EC.47)
My Mo
00 6,
+ >R—¢ for puy>0dA and p, > A, (EC.48)

23] — oA Moy —A
and, when (1—0)6; — 06, > 0:
[(1—0)8; —66,]> A

(1= 8) (a7 — o)
(1= )0t — Oupiy = 0 (EC.50)

[(1—6)8 —06,] RA =0 [(1—0)0pp00 — Oupiy] —

<0 for py>dpu,, (EC.49)
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when (1—10)6; — 06, <O0:

2
(1=0)0; =00 A g (1~ 5060, < oy,

[(1—8)8; —660,] RA — 6 [(1— 8)0 10 — O, piy] — 1 =0)(iy — o) =

(EC.51)
pp <Op, for (1—08)0pum, <60,y (EC.52)
e Region VF:
QUMf - (1 - 6)9fuv > [591) - (1 - 5)91”} Aa (EC53)
0, (1—9)0;
— ——=<1—-4 for puy>A, EC.54
Ho oy — A ! ( )
At 266, A 200¢A

RA+ 6y, — \/ (RA — 5pu,)? + 1202
= 2 ’

4660,A
_ — 2 v
RA—l—(S,uU \/(RA (5,uv) + (1 5)

(EC.55)

(1-9)

> 26(A — ). (EC.56)

THEOREM EC.1. The seven regions of (s, 1) defined above are mutually exclusive and collec-
tively exhaustive. And in each region, there exists a unique equilibrium strateqy such that

1. When (g, 1) € Region B, there exists a unique equilibrium strateqy — strateqgy B — such that
Ar=A,=0.

2. When (uy, pt,) € Region V, there exists a unique equilibrium strategy — strategy V — such that
A, =A.

3. When (uy, pt,) € Region F, there exists a unique equilibrium strategy — strategy F' — such that
Ar=A.

4. When (s, pt,) € Region BV F, there exists a unique equilibrium strateqy — strateqy BVF —
such that Ay + X\, <A.

The effective arrival rates (A, \,) are

RA 2 40,A

5(1—9)

2\, =1 iA+ _ iA_ 2+ 40, A
vTE Ty T s M) Tsa—ey |

5. When (ug, 1t,) € Region BF, there exists a unique equilibrium strategy — strategy BF — such that Ay <
A, X, =0. The effective arrival rate Ay is

A=t [RA+W - \/(RA—uf)2+49fA] .

+
(1-4) [RA Y - \/(RA— Spin)? + ‘ggﬂ 25(pi; — A) + (1 —4) [RA+5MU - \/(RA )+

480, A
(1-9)
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6. When (uy, o) € Region BV, there exists a unique equilibrium strategy — strategy BV — such that Ay =
0, Ay, < A. The effective arrival rate A\, can be derived by solving

RA 0N 0
5 0o —Ao)  pp—oA, "

7. When (ug, ) € Region V'F, there exists a unique equilibrium strategy — strategy VF — such that Ay +
A =A.
The effective arrival rates (Ag, A,) can be derived from solving the equations Af + A, = A and

oA, 0,A
(1_6)(Mv_)‘v) lj’f_A+(1_6))‘v

A— =Xy

Theorem EC.1 establishes that all possible capacity allocations fall into seven mutually exclusive
and collectively exhaustive cases. Letting the x-axis represent j1; and the y-axis represent p,,, Figure
EC.1 illustrates these seven regions.

Although the formulations are more complex in the case of heterogeneous travel costs, the

structure of the seven regions remains very similar to that described in Theorem 1.

Figure EC.1 Illustration of the seven equilibrium regions in the case of uniformly distributed travel costs.

7
'/
BV
VF

Ho

BVF

BF

Ky
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EC.3. Proofs of Analytical Results

Proof of Theorem 1: By Definition EC.1, it is easy to see (EC.1) v.s. (EC.15) divide the (g, ftr)
space; (EC.2) v.s. (EC.12) divide the (uys,pf) space; (EC.3) with (EC.6) and v.s. (EC.19) with
(EC.21) divide the (py, p15) space; (EC.4) with (EC.5) and (EC.6) v.s. (EC.16) divide the (ps, p1y)
space; (EC.7) v.s. (EC.13) divide the (py, ps) space; (EC.8) with py > A v.s. (EC.18) divide the
(py, por) space; (EC.9) v.s. (EC.14) divide the (ug,pr) space; (EC.10) v.s. (EC.17) divide the
(s, pyp) space; (EC.11) v.s. (EC.20) divide the (py, 1s) space. Thus the seven regions of (py, fi,)
defined in Definition EC.1 are mutually exclusive and collectively exhaustive.

We conduct the analysis for each region separately:

Region B: Since ; 5
;Z+T;ZR_6T and pp < BT
we get that U;(0,0) <0 and U, (0,0) <0 and therefore, there exists a unique equilibrium such that
Ap=X,=0.

Region V: Since

0, (1-6)6; 0, 50,
_ <(1-68T <R—6T
po—A oy —3A <=0, uv—A+uf—5A_R o

pp>0A, and p, > A,

we get that Up(0,A) <U,(0,A) and U,(0,A) > 0 and therefore, there exists a unique equilibrium
such that Ay =0 and \, = A.

Region F: Since
0 0, (1—20)6;
> A+ d 2>
K= +R—T o Lo pr—A T
we get that Up(A,0) > U,(A,0) and Uy(A,0) > 0 and therefore, there exists a unique equilibrium

such that Ay =A and A\, =0.

(1—6)T,

Region BVF: The equality U,(As, \,) =Us(As, A,) =0 yields the following conditions.

: Oy
Ao =y — ——=— d = s — .
o = [y 1-0R and Ap 490X\, = iy BT
Then we have
0 00,
Ap=pr— == —0L,
T A ey
The constraints of Region BVF:
0 00, 0,

U>7v7 _6v> . - )
b= r M " =R_T (1-0)R
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guarantee A\, > 0, Ay >0 and A, + Ay < A. Thus, there exists a unique equilibrium such that
A+ Ar <A

Region BF: The fact that Us(Af,0) =0 yields the following result:

Or
R-T

Ap =ty —
The constraints of Region BF:

v

2 0r
— L < < -4 R —
pr <A+ and Mv_(l—é)R

R-T "~ R-T’
guarantee 0 < Ay < A and U,(\;,0) < 0. Thus, there exists a unique equilibrium such that
0<A;<Aand\,=0.

Region BV: The fact that U,(0,\,) =0 yields the following conditions:

0, 00
_ 86T — — = EC.
R—-9 o=y —on 0, (EC.57)

fy — Ay >0 and gy —0A, >0.

Next, we show that
1) There is only one A, which solves (EC.57) and satisfies py — 6\, >0 and p,, — A, > 0.
2) With the constraints of Region BV, we must have 0 <\, <A and U;(0,\,) <0.
Thus, there exists a unique equilibrium such that 0 <\, <A and Ay =0.
We start with proving 1): There is only one A, which solves (EC.57) and satisfies py —d\, >0
and p, — A, > 0.
Specifically, by solving (EC.57), we have

B— /D2 +46%0,0,
A, = A : (EC.58)

where

A=(R—0T)6, B=(R—0T)(us+0m,)—0(0;+6,),
C=(R—=0T)pgpo = Oupry —00ppy, D=(R—0T)(puy —0p,) —0(0; —6,).
Let us rewrite (EC.57) as
(R—06T)ON, — [(R—6T) (g 4 6p1s) — 6(05 +0u) Ay 4 [(R — 6T) gty — O prg — 060 p1] =0,
or alternatively, A\2 — B\, +C =0. Note that

82 —4AC = [(R - (ST) (Nf - 5/1111) — 5(970 - 01})]2 + 45201‘91} = D2 + 4520]001, > 0.
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Then, (EC.57) has two possible solutions:

ova _ BHVDTEARGG, g, B /DT ARG,
v 2A v

2A

There are also two cases for D:

e Case 1: D>0

CIE A, = APV
ABVL S B+D _ (R—06T)py — 66y
Y 2A (R—6T)6
Then, we have py — JAZV! < Ré_aj;T, which contradicts with either (EC.57) or us—d\, > 0.
ST A, = ABV2,
ABV2 o B-D _ (R—=0T)p, — 0,
v 2A (R—0T)
Then, we have p, — AZV-2 > —fe > 0, and APV2 < 2L (since D > 0), which validates (EC.57),

o > Ay and iy — 0N, > 0.
e Case 2: D0

CIf A, = APV
ABVL S 5-D _ (R—=0T)p, — 0,
v 24 (R—0T)
Then, we have p, — APV < 2% which contradicts with (EC.57) or A, < 1,
CIf A, = APV2,

ABV:2 B+D _ (R— 5T),uf - 50)‘
v 2A (R—0T)6 '

% >0, and ABV'2 < i, (by D <0), which validates (EC.57),

R—6T

Then, we have p; — 6AFY2 >
fy > Ay and iy — 0N, > 0.
In sum, A\, = AZY"? is the only solution which solves (EC.57) and satisfies u; — d\, > 0 and
Ly — Ay > 0.
Next, we move on to proving 2): With the constraints of Region BV, we must have 0 < )\, <A
and Uy (0, \,) <0; specifically, we prove the following:
2.1) A\, > 0. Recall the constraints of Region BV:

0, 06, 0 50,
D P < ROST, py—pu, < - ,
T Y

0, N r
o — AN pp—0OA

Then we have A >0, B> 0 and C > 0. Since B2 —4.AC > 0, then we have B —+/B2 —4.AC > 0. Thus
Ay > 0.
2.2) Ay <AIf p, <A or pp <A, then A\, <A since p, > A, and gy > d\,.

> R — T for p, > A and py > 0A.
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If g, > A and py > JA, by (EC.57) and the constraint

.
Nv_A :U’f_(SA

> R — T for p, > A and py > 0A,

we must have A\, <A.

2.3) Us(0,),) <0. By (EC.57) we have

0 0,
O(R—-T — = —(1-90)R
( /’Lf - 5)‘1)) My — >\v ( )
Suppose
0r
U:/(0,A\))=R-T — 0,
f( 7 ) 1253 _(5}‘11 ”
we must have
0
L —(1-6)R>0.
P (1-9)
Then we should have
2
fp— 0N, > R_T
and
0
v A'U < z b
K (1-0)R

which contradict with
s < 0 B 60,
POt = 7 T 1R’

Thus we must have U;(0,A,) <0.

Region VF: The fact that A, + Ay = A and Us(As, \,) = U, (s, A,) yield the following conditions

0, (1—26)0;

— =(1-9)T, EC.59
o — Ao pp—A+(1=0)A, ( ) ( )
A — iy
A .
T—s “vStw
Recall the constraints of Region VF:
6, (1—9)0;
— ———2 = < (1=0)T for us > A,
i —A (1-9) !

o —AN  pp—0A T

(1—=96)T for p, > A,

0
+

% and
R-T R ™
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Since the left-hand side of (EC.59) is increasing in A, when (A —puy)/(1—0) < A, < jt,. By the first
two constraints of Region VF, there must be a unique A, such that 0 <\, <A solving (EC.59).
Suppose that U, (A —A\,,A,) <0, by (EC.59) we have

O

Up(A= A, M) =R—T — <0

and
0.,

1— —
( 5)R Hoy — )\U

<0.

Then we should have
0 n 0,
R-T R

prp+ (L =0)p, <A+

which contradicts with the third constraint of Region VF. Thus we must have Uf(A — A, \,) =
U,(A— X, \,) > 0.
Thus, there exists a unique equilibrium such that Ay + A, = A. Specifically, solving (EC.59) gives

—B+/D2+ 46,6,
Ay = T (EC.60)

2A
where
A=(1=8)T, B=(05+0,)+T (s —A—(1-68)m),
- (s — A 3
C= Eff_ 5 ) Tyt — )~ O, and D= (8 — 0,) + Tty — A+ (1— ),
Q.E.D.
Proof of Proposition 1: It directly follows Definition EC.1 and Theorem 1. Q.E.D.

Proof of Proposition 2: Recall that in Region BVF, 0 < Ay + A, < A. The provider’s objective

is to maximize ryAs +r,A,. Since in this region we have

0, - 0, 0,
Ao W A=m=om =575 525

sz,uv_

the objective function can be rewritten as

— ., — Hf + 0, +r _L
TR T R T a—or) T\ T = 9R )"

which by substituting p, = ¢t — i1y and removing the constants is equivalent to

(L4 8)rp —ro] py.
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Therefore, the provider’s problem is

oI [(L+0)ry — 7o) piy (EC.61)
0,
s.t. H_Nfzmv
0 00,
prp—0(p—pis) > RfT (1_5)R,
0,
(L= 0)(p—py) A+ 5= T i

The optimal solution then depends on the sign of the objective function and the boundaries of s

n (EC.61). Q.E.D.

Proof of Proposition 3: Before characterizing the optimal capacity allocation in Region BV, we
first provide an auxiliary result. Let APV (u — p,, 1t,) denote the unique effective arrival rate to the
virtual channel (which is defined in (EC.58) and here we denote it as AZV) by substituting yu; by
i — jt,. Lemma EC.2 proves that A2V (u — p,, i1,,) is a unimodal function in u,, which is maximized

at the unique value p, = 12V

LemmA EC.2. Given (ug,p,) which satisfies (EC.57) and (EC.15)~(EC.17), there exists a

unique a2V such that A\BY (1 — pu,, 11,) is increasing in p, when p, < @BV and NBV (1 — pi,, p1,) is

decreasing in ., when p, > aBY

In Proposition 3, when

NZA(l—l—(S)—i—min{ i n 0, (\/E_{_\/E)Q},

R-T  (1-0)R' R-oT

the results are straightforward as A can be achieved.

When
V60, +/0,)?
,LL<A(1+5)+min{ O, O (OO, +0.) } (EC.62)

R-T "(1-0R  R-oT
we observe that the optimal solution is 2" without constraints (EC.15)—(EC.17) (it directly follows

from Lemma EC.2). Next, we have to regularize u2V* to make (EC.15)—(EC.17) valid. Recall the
constraints (EC.15)-(EC.17):

0, 66, 0; 60,
—_— < R 6T (5 v - 9
uv+uf MmO S R (1-90)R

ev 50,
Iy

> R — T for p, > A and py > 0A.



ecl?7

Note that 2" must satisfy the first condition, otherwise no revenue is generated; i”V must

satisfy the third condition, by (EC.62). When (u — a2V, iBY) € Region BV, the second constraint

is also satisfied, then (u— pZv, 2P") is the optimal solution, yielding

\BV* — 1% _(\/E"‘\/E)z
Vo146 (14+6)(R-6T)

When (u— a8V, iBY') ¢ Region BV, the second constraint is not satisfied, i.e, the boundary solution

would be the optimal one:

p 0, 5,
(1+0) (+0)(R=T)  (1+8)(1=0)R’

yielding

)\BV*: o - Hf _ 01}
vT TS (40 (R=T) (1+0)(1—0)R

Q.E.D.

Proof of Lemma EC.2: Recall that given (uy, f1,) which satisfies (EC.57) and (EC.15)—(EC.17),

\ov_ B— D 45%6,0,

2A

we have

By replacing py with p— p,, we have

oB D
o, (R—06T)(1-6) <0, and o, (R—6T)(146) <0

Therefore, when D < 0, APV is decreasing in p,. Note that A is independent of p,.
When D >0,

8>\fv__—(1—5)+ (1+46)D
Oty 26 201/D? +4520,0,
Since D > 0, then 621”3‘/ is increasing in D. And when D =0, aé\f" = —_(;5_5) < 0. Let D solves
8ABV Ho — — a)\BV Ho — a)\BV
G = 0, we must have D > 0. So when 0 <D < D, o < 0; and when D > D, o> 0.
When

_pv_ kb 0(0;—0.)+(1-0)\/00,0,
o= =4S (+0)(R—oT)

BV BV
v )\v

D = D. Since D is decreasing in j,, we can conclude that when p, < i is increasing in fi,;

when p, > a8V, ABV is decreasing in . Q.E.D.
Proof of Proposition 4: Before characterizing the optimal capacity allocation in Region VF, we
first provide an auxiliary result. Let AV ¥ (u — 1., tt,) denote the unique effective arrival rate to the

virtual channel (which is defined in (EC.60) and here we denote it as A\Y¥") by substituting yu; by
i — f,- Lemma EC.3 proves that AV (u — p,, i) is increasing in .
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LEMMA EC.3. Given (ug, p,) which satisfies (EC.59) and (EC.18)~(EC.21), AY¥ is increasing
Iy -

Since AV (1 — py, pty) is increasing in p, and the objective function is monotone in A\Y7 the

optimal solution must be on the boundaries if r, # r;. Q.E.D.

Proof of Lemma EC.3: Recall that given (uy, ft,,) which satisfies (EC.59) and (EC.18)—-(EC.21),

o —B+ /D2 +46,0,

2A

we have

By replacing puy with p — p,, we have
0B D

=—(2—-0)T<0, and =—0T<0.
a,uv 8Mv

O(—B+ /D2 +46,0,) P STD

B B /D + 40,0,

Then,

which is decreasing in D. When D — oo,

O(—B+ /D2 + 46,0,
( ! )—>2(1—5)T>0.

Oty

So NVF (1 — fuy, f1y) is increasing in p,,. Q.E.D.

Proof of Theorem 2: As illustrated in Figure 3, each system size includes several equilibrium
regions. The optimal capacity allocation for each size is the one that yields the greatest profit
among the regions it includes.

1. Small System includes Regions B, BV, BVF, BF and F. Region B is dominated by Regions
BV and BF. From Proposition 2 we know that the optimal solution in Region BVF is on the
boundaries (in this case, either on the boundary with BV or on the boundary with BF). When

Region F is applicable (A < pu — %), it dominates Region BF. The optimal value function is

r¢A in Region F, and r; (;A — %) in Region BF. In both cases the optimal allocation is py = p
and p, = 0. The optimal value function in Regions F and BF is, therefore, r¢ <min{A, w— % )

Comparing the latter with the optimal value function in Region BV yields the condition as stated.

2. Medium-sized System includes Regions B, BV, BVF, VF and F. Region B is dominated by
Region BV. From Proposition 2 we know that the optimal solution in Region BVF is dominated by
either BV or VF. Moreover, Region F is dominated by VF (as an extreme case in VF). Therefore,

it suffices to compare the optimal value function in Regions BV and VF, as stated.
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3. Large System includes Regions B, BV, V, VF and F. Region B is dominated by Region BV
and Regions BV and VF are dominated by Region V (as an extreme case in VF). Therefore, the
optimal region is VF, as stated. Since the solution of Region VF is a boundary one, it will utilize
either the in-person channel or the virtual channel while supporting returning patients.

Q.E.D.

Proof of Corollary 1: First let us replace T' by T'— b in the results of Theorem 2. Then, the
optimal capacity allocation must lead to the six scenarios presented in the Corollary statement.
The results in each scenario are straightforward. It is worth noting that

505 —0,) +(1=0)\/50,6, _ 6, o0,
R— 06T + 6b “R-T+b (I-0)R

is equivalent to the second constraint for (u — p,,p,) in Proposition 3, ie., (u — g?V, aBv) e

Region BV. Q.E.D.

Proof of Lemma 1: When

0 o
> (14 6)A v /
nz (I OM 2= T Ry

the system behaves as a large one, and b is the value of b to make this inequality hold as an equality.

Q.E.D.

Proof of Proposition 5: It can be verified that

(rs —b) (M—R_Q,}M)

is a concave function of b, and the first order condition leads to the solution

W

Then, it is straightforward to see that 6NV is the optimal b if it falls in [by, byv]. Otherwise, the

optimal b takes the boundary values of [byp, byr]. Q.E.D.

Proof of Proposition 6: We first demonstrate the assumption made in the proposition, which

is equivalent to f(0) < 0.

AssuMPTION EC.1. The following inequality holds:

8(6;—0,) +(1=0)\/50,8, _ 9, 50,

R—0T R-T (1-0R
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Note that the sign of

50, —0.) + (1-0)\/00,0, 6, o8,
(R— 6T + ob) R-T+b (1-0R

is as same as the sign of

50,(R — 6T + 6b)(R— T +b)
(1-0)R ’
(EC.63)

as R—0T >0 and R—T +b>0. It can be verified that (EC.63) is a quadratic convex function of

(5(@ —0,)+ (1 —5)\/59,@) (R—T+b)—0;(R— 0T +3b)+

b. Therefore, if Assumption EC.1 holds, (EC.63) is negative when b= 0. Thus there exists a unique
b° >0, such that (EC.63) equals to 0 when b=, and when b <8,

50— 0,)+(1-0)\/30,0, _ 6, 6,
R— 0T + b SR-T+b (1-0R
and when b > b°,
00y =0.)+(1-0) /0,0, 6, o0,
R— 0T + b R-T+b (1-0)R

Let ANF(b) denote the effective AN¥" in equilibrium under optimal capacity allocation with given
b. According to (9) in Corollary EC.1, when b <%, AV¥(b) is the first case of (9); when b > °,
ANE(p) is the second case of (9). We therefore have

2
min{A 2 (V‘”J’m}, i<,

Y146 (146)(R—8T+3b)

AN (b) = (EC.64)
min {A, #5 — (1+6)(27T+b) — (1+6)6(¥76)R} , otherwise.
Note that when b < by g, AN¥(b) cannot hit A by the definition of byx. Thus
s iy <,
ATE(b) =
T4 (1+5)(2:T+b) - (1+5)0(11)76)R’ otherwise.

One can verify that both

po (/o0 +V0,) )
146  (1+06)(R—0T +db)

(1 — D) (EC.65)

and

% i i
(ro = 80) (175~ (1+5)(Rf—T+b) - (1+)(1-0R

) (EC.66)
are concave in b.
Let bl and b% - denote the maximizer of (r, —§b)A\N¥ (b), which takes the forms given in (EC.65)
and (EC.66), receptively. Specifically,
S (v/00; +V8,)VR=38T +r, R—0T
NF 5\ii 5
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which comes from taking the first order condition of (EC.65);

—o0T
%F:¢@®R oT+r) _por

36,
op— 1-0)R

which comes from taking the first order condition of (EC.66).

Thus, we have

bl p, if b, < B
bNF* _

b% ., otherwise.

And it is straightforward to see that b¥* is the optimal b if it falls in [byj, byr]. Otherwise, the

optimal b should take the boundary values of [by, byr).

Q.E.D.
Proof of Proposition 7: The objective function is
—b0)(A—=(p—A— — —0b)=(u—A— — .
(ry = b)(A =5 u A-0r E-T+p) T 05k =0k R-T+b

Its first order derivative is

(=8 _A_ 6, b(ru—r)=(1=8)6,(R-T)

5 5 OR §(R—T +b)?

(EC.67)

Its second order derivative is

20,(r, — ) — (1-8)0;(R—T)
S(R—T +0)?

. (EC.68)

Ifr,—r;—(1—-9)(R—T)<0, (EC.68) is non-negative. Thus, the objective function is convex.
Then the optimal solution must be on the boundary. i.e., either by . or by p.

Ifr,—r;—(1—=9)(R—T)>0, (EC.68) is negative, then the objective function is concave. The
first order condition leads to

Op(ro —rp) —(1=0)0;(R-T)
¢ St sty sl (EC.69)

When (1—6)pu—A— % <0, then (EC.69) is well-defined. Thus, the optimal b is (EC.69) if it falls

in [by ., by r|. Otherwise, the optimal b takes the boundary values of [by -, by ).
Ifr,—r;—(1—=0)(R-T)>0and (1-0)u—A—2%>0, (EC.69) is not well-defined. However,

(EC.67) is always positive, indicating that the objective function is increasing in b. Thus the optimal

solution is to set b as large as by p. Q.E.D.
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Proof of Proposition 8: Follows directly from the definition of the thresholds for pu. Q.E.D.

Proof of Proposition 9: The first fact is that, if the original optimal solution without subsidy
and the joint optimal solution with subsidy are in the same scenario (region), then the access rate
will not decrease. The reason is that, with optimal subsidy, the marginal revenue is decreased but
the total revenue is increased. Thus, the access rate will not decrease.

Next, we examine each case.

1. Large system: in this case,

0 0,

> . .
pz (A + b

It is able to achieve Region F and V and obtain the largest revenue max{r,r,} A without subsidy.
Thus, the optimal subsidy is 0, and the total access rate is still A.
2. Medium-sized system or small system with ©> A +6;[R—T]"': in this case,

JE
R-T (1-0)R

0r
<
A=< (1+8)A+

o If r, <ry, it is able to achieve Region F which generates the largest revenue r;A without

subsidy. Thus, b* =0, and the total access rate is still A.
o If

v A
v s (1+5)max{1, 7 ; }, (EC.70)
s K= R7 ~ 0-oR

Of O

then we have r, > (1+6)r; since p — % > = 5T~ TR

Per Propositions 2 and 4, Scenario
VF is dominated by Scenario NF for any b. Since Region F, which leads to full access rate A, can
be achieved without b, then the only one possible situation for decreased access rate is that the
original optimal solution is in Region F but the joint optimal solution with subsidy is in Region

BV. Note that r¢A is the revenue achieved in Region F, and

r 19 o 9f . 91}
“\14+6 (A+6)(R-T) (1+0)(1-0)R
is the lower bound for the revenue in Region BV. When condition (EC.70) holds, the original
optimal without subsidy cannot be in Region F. Thus the access rate will not decrease with subsidy.

3. Small system with < A+6;[R—T]': in this case,

0
mM{RfTwm}§u<A+

f .
R-T
(1+0) (1 — %)

(/605 +v00)? ’
B R—oT

T .
—~2 <min< 1,

- (EC.71)
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then 7, <r;. Per Propositions 2, Region BVF is dominated by Region BF for any b. Without
), and

0
R-T

( ! (J«wa@)?)

subsidy, the revenue in Region BF is r(p —

1+6 (1+6)(R—0T)

is the upper bound for the revenue in Region BV. Since (EC.71) holds, the original optimal solution
without subsidy is in Region BF. Thus, the only one possible situation for decreased access rate
is that the joint optimal solution with subsidy is in Region BV. Suppose that the joint optimal
solution with subsidy is in Region BV, we must have (1, —b*)AJY*(b*) > rA7#*(0). Since 7, <77,
we must have AJV*(b*) > Af7*(0), indicating non-decreased access rate.

e If (EC.70) holds, i.e.,
0
v (140)(— 247)

- 9 b
r L N )
B %7 ~ -or

Oy 0,
R-T  (1-0)R

then we have r, > (140)r; since u— % > u— . Per Propositions 2 and 4, Scenario VF

is dominated by Scenario NF for any b. Without subsidy, the revenue in Region BF is r;(u — %),

and

B -
“\14+6 (A+6)(R-T) (1+0)(1-0)R

is the lower bound for the revenue in Region BV. Since (EC.70) holds, the original optimal solution

without subsidy is in Region BV. Thus, the only one possible situation for decreased access rate

is that the joint optimal solution with subsidy is in Region BF. Suppose that the joint optimal

solution with subsidy is in Region BF, we must have (r; —b*)AP"*(b*) > r,AJV*(0). Since 7, > 7,

we must have A\7#*(b*) > AJV*(0), indicating non-decreased access rate.

Q.E.D.

Proof of Proposition 10: Following the arguments in the proof of Proposition 9, we know the
access rate will not decrease under any of the following conditions.

1. Large system.

2. Medium-sized system or small system with g > A +6;[R—T]7 ", if

v v A
T—Sl or T—Z(l—i—é)max 1, )
Ty Ty W — 5=

3. Small system with <A+ 6;[R—T]', if

6 0
Ty . (1+6)(:U’_ R_fT) Ty (1+5)(:U’_ R_fT)
— <min< 1, > 7 .
Ty (1/80 5 +V0)? Ty f Oy
TR At ARAL.E
R—6T
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The remaining conditions we have to examine are

1. Medium-sized system or a small system with > A+6,[R—T]7', if

v 1+9)A
1<L§ (+)(a¢p'
T . 0 r++/0y
! mln{(l_'_é)A’u_R—J:ST—i-éb}

2. Small system with u < A+60;R—T]71,if

0
1<7;v< (1+5){A7:U’_R_1f“+b}
Ty (/60 +v0y)?

K= —R_sT+db

Next, we examine each case.
1. Medium-sized system or small system with p > A+ 6;[R—T]': in this case,

o, 0
R-T " (1-0)R

O¢
<
A+R_T_u<(1+5)A+
If

1<ﬁ§ (I14+9)A

s min{(l—l—cs)A,u—(\W}

R—6T+6b

(EC.72)

then we have r, > r;. Since (EC.72) holds, then Scenario NF is dominated by Scenario NV after
b is utilized. Thus the access rate cannot decrease as Scenario NV and Scenario VF both achieve
full access rate.

2. Small system with < A+6;[R—T]': in this case,

max{ Zi qu}g,u<A+ b .

R-T& R-T
1f )
1+ 0) A, u— -
PG, RT5b ] (EC.73)
vy o W/

R—6T+b
then we have r, > r;. Since (EC.73) holds, then Scenario NF is dominated by Scenario NV after

b is utilized. Thus the access rate cannot decrease as: 1) the original optimal capacity allocation
without b must be in Scenario NF or NV; 2) after b is utilized, Scenario VF achieves full access
rate; 3) if the original optimal capacity allocation after b is utilized is in Scenario NF, then the

access rate must be non-decreasing since r, > ry.

Q.E.D.

Proof of Corollary EC.1: The results follow from Theorem 1 by replacing T with 7" — b.
Q.E.D.
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Proof of Lemma EC.1: Tt directly follows the definitions of Uj(As,\), Up(As,A,) and
UL(A, \). Q.E.D.

Proof of Theorem EC.1:  We first show that the seven regions of (uy, pt,,) defined in Definition
EC.3 are mutually exclusive and collectively exhaustive. By Definition EC.3, it is easy to see
(EC.30) v.s. (EC.44) divide the (uy,p,) space; (EC.31) v.s. (EC.47) divide the (uy,u,) space;
(EC.32) v.s. (EC.53) divide the (uy,p,) space; (EC.33) with (EC.34) and (EC.35) v.s. (EC.48)
divide the (ug,p,) space; (EC.36) v.s. (EC.45) divide the (py,p,) space; (EC.37) with pp > A
(implied by (EC.36)) v.s. (EC.54) divide the (g, it,,) space; (EC.38) v.s. (EC.46) divide the (py, ft)
space; (EC.39) v.s. (EC.55) with (EC.56) divide the (fy,u,) space; (EC.40) with (EC.41) v.s.
(EC.49) with (EC.50) divide the (py, 1) space; (EC.42) with (EC.43) v.s. (EC.51) with (EC.52)
divide the (fy, i, ) space. Thus the seven regions of (i, i1,) defined in Definition EC.3 are mutually
exclusive and collectively exhaustive.

In Region B, everyone chooses balking, i.e., Ay =0, and A, = 0. We should have U}(0,0) <0 and
U!(0,0) <0, for V t. By Lemma EC.1, we arrive at

U%(0,0) <0

and

U;(0,0) <0,
which yield (EC.30) and (EC.31), indicating that if (EC.30) and (EC.31) hold then we must have
Ut(0,0) <0 and U;(0,0) <0, for V ¢.

In Region V, everyone chooses virtual channel, i.e., \; =0, and A, = A. Then we have U!(0,A) >
Ut(0,A) and U/(0,A) >0, for V t. By Lemma EC.1, we must have

UJ(0,A) > UP(0,A)

and

Ul 0,A) >0,

which yield (EC.32) and (EC.33) with (EC.34) and (EC.35), indicating that if (EC.32), (EC.33),
(EC.34) and (EC.35) hold then we must have U}(0,A) > U}(0,A) and U(0,A) >0, for V ¢.

In Region F, everyone chooses face-to-face channel, i.e., Ay = A, and A\, = 0. Then we have

Uf(A,0) > UL(A,0) and Uj(A,0) >0, for V t. By Lemma EC.1, we must have

U} (A,0) > Uf(A,0)
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and

U} (A,0) >0,

which yield (EC.36) and (EC.37) with gy > A (which is implied by (EC.36)), indicating that if
(EC.36) and (EC.37) hold then we must have Uf(A,0) > U}(A,0) and Uf(A,0) >0, for V ¢.

Denote 1/(pg —Ap —6A,) as wy and 1/(p, — A,) as w,. Define three thresholds:

tfb:R—ef’U)f, (EC74)

t'ub == R%Hv,wv — ef’UJf, (EC75>
0

tfv = 11)11);;, — 9fwf. (EC?G)

By their definitions, we have if ¢ <ty, then U; > U,, and if ¢t > ty, then Uy < U,; if t < ¢, then
U, > U, and if t > t,;, then U, <U,; if t <ty, then Uy > U,, and if t > t¢, then Uy < U,.

In Region BVF, some patients choose face-to-face channel, some choose virtual channel and some
choose balking, i.e., A\; >0, A, >0 and A; + A, <A. Then we have U;(\f, A,) > max{U}(Af, \,),0}
for some t, U} (A, A,) > max{U}(\s, A,), 0} for some ¢, and 0 > max{U}(\s, \,), Uf (A, Ay,) for some
t. By Lemma EC.1, we must have 0 <t, <t,, <1. Then

As
=3
and
Af+ Ay
b ==
Then we have
01} )\U

Ay > 0 is equivalent to

maX{E - v - &} >0
>0 (1 —=0)(e—Ny) A ’
thus we can have (EC.38).
We can also have
’ _ R 0, B 0 At A,
PTE 6(e— M) pp—A;—0A, A

Ay <A — ), is equivalent to

0 0 A+ A
min {E— Y ! Al

Ap<A=2o o 0 Oy — Ay) B fp— A — 0N, A

} <0,
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for any 0 <\, < A and when py — Ay — 90X, > 0. It is equivalent to

max {E - b, br

0<A<A" 8 Oy —Ay)  prp— A+ (1—=0)A,

—1} <0, (EC.77)

when gy — A+ (1 —6)A, > 0. One can show (EC.39) is equivalent to (EC.77) by taking the maxi-
mization of the LHS of (EC.77).

‘We can also have

As >0 is equivalent to

6, 6y Af
— ——=}>0
?}i}é{(l—é)(uv—Av) L — A —OA, A0
for any 0 < A, < A. It is equivalent to
0 0
v ! 0, (EC.78)

— <
=80 —N) 17— o,
for any 0 < A\, < A. Thus we have if (1 —§)6; — 6, >0 then

(1—06)0pp0 — Oupiy

A>T 50, — 50,

and if (1 —6)8; — 66, <0 then
(1 — 5)6f:uv - Hv:u’f
(1-6)0;—460, °

We first consider the case of (1 —9)8; — 66, > 0. In this case, if (1 —§)0sp, — 0,415 < 0 then
(EC.78) holds; if (1 —0)8sp, — 0,17 > 0 then we have

Ay <

max {2 b AR
X —_ - .
O=00ym=tvig 6 5(1=0) (o —Av) A

T=0)0;—30y

Av>

One can show (EC.40) with (EC.41) is equivalent to it.
We then consider the case of (1 —79)0; — 36, < 0. In this case, we must have (1 —9)0;p, — 0,1 <0

and
R 01) Ai)

IR & S s vy we Ry WA

VST 8)e; 80,

One can show (EC.42) with (EC.43) is equivalent to it with (1 —0)8;pu, — 6,4y <O0.

Now we are ready to derive Ay and A,. Combining

A
tf”:Xf

and
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together with (EC.75) and (EC.76), we can solve the equations and obtain

RA 2 40,A
Ar=75 |k — O — \/(R/\—uf)2 +49fA+5\/<5 —m) 5= 5) (EC.79)
RA RA 2 40,A
M=3 | —tme—{5— — . EC.

In Region BF, some patients choose face-to-face channel and some choose balking, i.e.,
0 <Ay <A, and X\, = 0. Then we have Uj(As,0) > max{U}(Af,0),0} for some ¢, and 0 >
max{U;(Af,0),U;(Af,0)} for some ¢. By Lemma EC.1, we must have 0 <tp <1 and t,, < ty,.
Then

A
tfb = Xf
Then we have
Oy As
ti=R— =,
fb pr—Ar A
Note that Ay >0 is equivalent to
0y As
R————1>0.
TR TR
thus we can have (EC.44).
Note that Ay < A is equivalent to
0y A
in{R—————}<0.
min{f ==
Thus we can have (EC.45).
Note that A\, =0 is equivalent to t,, <ty,, i.e.,
. 0,
min{R — } <0.

Av20 (1_5)(F‘v_)‘v)
Thus we can have (EC.46).

Now we are ready to derive A;. By

0y  As

pr—Ar A

tfb:R—

and (EC.74), we can solve the equation and obtain
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In Region BV, some patients choose virtual channel and some choose balking, i.e., 0 < A, <A,
and Ay = 0. Then we have U}(0, \,) > max{U}(0, \,),0} for some ¢, and 0 > max{U%(0, \,),U}(0, \,)
for some ¢. By Lemma EC.1, we must have t;, <0 <t,, <1. Then

LA
vb — A .
Note that A, >0 is equivalent to
R 0, ¢ Ay
— - — — 0.
w5 ) —on A
thus we can have (EC.47).
Note that A\, < A is equivalent to
R 0, 0 Ay
min{— — ! }<0.

M<h 0 Oy —A) gy —0A, A
thus we can have (EC.48).
Note that Ay =0 is equivalent to ¢, <0, i.e.,

. 6, 0,
{Ifllz%{(l—@(ﬂu—)\u) Hf—)\f—5)\v}_0

Thus we can have

0, 0,
— <0, EC.82
(1=08) (o —A)  pyp— 0N, ( )

for any A, € [0, A]. Then we have, if (1—9)8; — 6, > 0 then

(]' - 5)(9f/~1’v - evuf

A, <
"= (1=6)0,—00,

and if (1—6)0; — 6, <0 then
A > (1 — (5)(9qu — ev:uf
YT (1-6)6,—-466,
We first consider the case of (1—0)60; —d6, > 0. In this case, we must have (1 —38)0 ¢, — 0, >0

and

min {=- b, L ST
(1=00puo—bvuy 5 O(py —Ay)  pp—0A, A

v< (1=8)07—30y

}<0.

One can show (EC.49) with (EC.50) is equivalent to it with (1 —0)8;pu, — 6,4 > 0.
We then consider the case of (1 —6)8; — 60, < 0. In this case, if (1 — )8, — 6,405 <0 then
(EC.82) holds; if (1 —0)0fpt, — 0,y > 0 then we have

HU 9f )‘v
— — ——+>0.
uj%ﬁr%w{é O(po —Av) g — 0N, Atz

VT (1-0)0; 00y

One can show (EC.51) with (EC.52) is equivalent to it.
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Now we are ready to derive A\,. By
Ay

tvb_i

A

and (EC.75), we can solve the following equation and obtain \,:

RA A oA
B0 N) m-on, (EC.83)

In Region VF, some patients choose face-to-face channel and some choose virtual channel, i.e.,
Ar>0, A, >0and Ay + A, =A. Then we have U;(A — A, A\,) > max{U;(A — \,,\,),0} for some ¢,
and UJ/(A — Ay, Ay) > max{U;(A — Xy, \,),0} for some ¢. By Lemma EC.1, we must have 0 <ty, <
1 <t,,. Then

; A=),
fo— A
We first have Ay = A — A,.
Note that A\, < A is equivalent to
0, 0 A=),
— — 0.
g‘r”lg)[i{ (1_5)(:“1)_)\1)) uf_A+(1_6))‘v A }>
Thus we have (EC.53).
Note that A, > 0 is equivalent to
01) gf A— )\U
i — — 0.
L (7R o Ry T s W
Thus we have (EC.54).
Note that A, =0 is equivalent to t,, > 1, i.e.,
0 0
max {R 0 ! —1}>0, (EC.84)

0M<A 8 Oty —Ny) iy — A+ (1—0)A,
and gy — A+ (1 —6)A, > 0. One can show (EC.55) with (EC.56) is equivalent to (EC.84) with

pr—A+(1—05)A, >0 by taking the maximization of the LHS of (EC.84).

By
; _A—)\U
fv— A

and (EC.76), we can solve the following equation and obtain \,:

0,A 0;A

A (1_5)(,“1;—)\1;)+Nf_A+(1—5)AU

=\, (EC.85)

Q.E.D.
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