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Abstract

Patients living with a chronic disease often require regular appointments and treatments. Due to the constraints on the
availability of office appointments and the capacity of physicians, access to chronic care can be limited; consequently,
patients may fail to receive the recommended care suggested by clinical guidelines. Virtual appointments can provide a cost-
effective alternative to traditional office appointments for managing chronic conditions. Advances in information technology
infrastructure, communication, and connected medical devices are enabling providers to evaluate, diagnose, and treat patients
remotely. In this study, we build a capacity allocation model to study the use of virtual appointments in a chronic care
setting. We consider a cohort of patients receiving chronic care and model the flow of the patients between office and
virtual appointments using an open migration network. We formulate the planning of capacity needed for office and virtual
appointments with a newsvendor model to maximize long-run average earnings. We consider differences in treatment and
diagnosis effectiveness for office and virtual appointments. We derive optimal capacity allocation policies and implement
numerical experiments. With the model developed, capacity decisions for office and virtual appointments can be made more
systematically with the consideration of patient disease progressions.

Keywords Virtual appointments - Capacity planning - Chronic care - Newsvendor model - Operations research -
Operations management

Highlights importance to office appointments due to their lower
costs.

®  We propose efficient and practical solutions that would
help clinics in their capacity allocation decisions.

®  We consider an operational problem that deals with the
effective allocation of capacity among different types of
appointments.

e We integrate the operational decisions (i.e., capacity
allocation) with the clinical operations (i.e., treatment
and diagnosis of patients, disease progression).

e  We show how the expected number of patients at different
appointments changes with respect to some of the model

1 Introduction

Chronic care involves the treatment and monitoring of pre-
existing and long-term diseases such as diabetes, high blood
pressure, asthma, Alzheimer’s disease, and cardiovascular
disease [10]. In the U.S., 45% of the population has at
least one chronic disease, and the cost of chronic care con-
stitutes over 75% of the entire health care spending in
the U.S. [25, 48]. Given that the population is increas-
ing and aging, the need for chronic care in the future will
increase faster. Current care processes are insufficient to
Xiao Yu address this coming mismatch in supply and demand [24].
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parameters.
® We find that although virtual appointments are not as
effective as office appointments, they can have equal
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consisting of e-mail, phone, and online consultations, can
improve patient access and ensure continuity of care and,
consequently, better outcomes [12, 42].

Virtual appointments can be used as a substitute for, or
be complementary to office appointments, and they can take
many different forms. For example, virtual appointments
can be used for diagnosis only, for treatment only, and for
both treatment and diagnosis, similar to office appointments
[7]. More specifically, through virtual appointments that
provide diagnosis only, chronic-care patients can be moni-
tored remotely in real time and updates regarding the patients’
status can be obtained [3, 37]. Through virtual appointments
that provide treatment only, educational support and reliable
resources can be provided to patients without diagnosing
their status [22]. Finally, virtual appointments can also be
used to provide both diagnosis and treatment, in which
both the patients’ health status are diagnosed and proper
treatments are provided [7]. Since virtual appointments
are provided remotely, they can enhance the delivery of
health care to geographically-disadvantaged and medically-
underserved populations [1]. In addition, patients who are
unable or unwilling to leave their homes to seek medical
treatments or are in poor physical condition can also benefit
from virtual appointments [4, 8]. Virtual appointments have
the potential to enhance primary care delivery by enabling
cost reductions for both health delivery and travel and larger
panel sizes without sacrifices in the quality of health care
[5, 44]. Parallel to its benefits, more patients are willing
to receive care through this convenient method. Thus, the
demand for virtual appointments is increasing quickly. The
total number of virtual consultations is growing by around
10% a year, with growth projected to reach around 25
million in 2020 [49].

Despite the increased usage of virtual appointments and
their observed benefits in chronic care, the integration of
virtual appointments with office appointments can be oper-
ationally challenging for the clinics. One of the reasons for
this challenge is that office and virtual appointments can
have differences in their treatment/diagnosis effectiveness
and in their costs. More specifically, although virtual appoint-
ments can provide cost-effective treatments, they can result
in similar [16] or worse patient-related outcomes [33, 38]
compared to office appointments, which makes it harder
to decide how to allocate the available capacity among
appointments with different effectiveness. Moreover, with
the integration of virtual appointments, the patient flow
dynamics become complex and it gets difficult to identify
the expected number of patients that can be scheduled for
office and virtual appointments. Indeed, faced with rising
costs and patient populations, managers of health facilities
like clinics strive to determine an appropriate capacity to
meet the needs of the patients and avoid the opportunity
cost and over-utilization cost as much as possible. Thus, it

is important to develop strategies to determine the expected
number of patients and allocate available capacity effi-
ciently by considering the patient flow dynamics. To address
the need for capacity allocation policies, we study in this
paper a chronic care setting in which patients are scheduled
for virtual or office appointments. We consider that, sim-
ilar to office appointments, virtual appointments can also
provide both treatment and diagnosis, and parallel to previ-
ous studies [7, 33, 38] we assume that virtual appointments
can be less effective than office appointments. We develop
a modeling framework to determine the optimal allocation
of the capacity for both office and virtual appointments and
aim to answer the following operational questions:

1. What is the expected number of patients scheduled for
office and virtual appointments for the given follow-up,
service, arrival, and departure rates?

2. How should the available capacity be allocated among
office and virtual appointments to maximize the long-
run average earnings of a health clinic?

To address these questions, we develop a migration net-
work model to analyze patient flow and disease progres-
sions. Using the migration network model, we first ana-
lytically investigate the number of patients in the steady
state who are scheduled for office and virtual appointments.
Second, we analyze how the expected number of patients
at each node of the migration network would change with
respect to some model parameters. Third, we develop a
newsvendor-type model to maximize the long-run average
earnings of a health clinic. We further propose heuristics
to find the capacity allocations among office and vir-
tual appointments. Fourth, we analytically investigate how
limited capacity impacts the proposed heuristics and the
optimal capacity allocation decisions. Finally, through our
numerical studies, we analyze the effect of model parame-
ters on the allocation of the capacity of the office and virtual
appointments by analyzing different scenarios.

The remainder of this paper is organized as follows:
In Section 2, we review the related literature. Section 3
presents the migration network model and characterizes the
number of patients in steady-state conditions. In Section 4,
we develop capacity allocation models for different set-
tings and propose heuristics to identify capacity allocations
among office and virtual appointments. In Section 5, we
perform numerical experiments and sensitivity analysis to
illustrate the application of our models. Finally, our conclu-
sions are outlined in Section 6.

2 Relevant literature and contributions

In this section, we discuss separately the relevant literature
and the contribution of our study.
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2.1 Relevant literature

Our study builds on the literature of decision models in
community-based chronic care delivery. Related to this
area, [31] present and analyze three representative exam-
ples of prevailing quantitative decision models for managing
community-based chronic care (i.e., [18, 30]). For each
example, they analyze the background of the problem,
present the methodology, and show their findings and impli-
cations. Among these examples, [30] propose a Markov
decision process to model multiple care-provider visit pat-
terns for stroke patients, while [18] combine a Markovian
disease progression model with a capacity allocation model
to determine revisit intervals for childhood asthma care. A
major difference of our paper from the listed literature is that
we consider different types of appointments (i.e., office and
virtual appointments) and investigate the capacity allocation
decisions among the different types of appointments.

Related to the virtual appointment setting, studies that
investigate the management of office and virtual appoint-
ments are limited. In a relevant study, [36] build an opti-
mization model to design effective checkup plans (i.e.,
phone calls, office visits) for monitoring individual patients
after hospital discharge. Their study considers only the
diagnosis impacts of the virtual appointments, whereas we
include both the treatment and the diagnosis impact of the
virtual appointments. Among the studies considering the
impact of virtual appointments on both treatment and diag-
nosis, [6] develop a Markovian model to determine the
patient revisit intervals in primary care by incorporating
virtual appointments into an office appointment setting. In
another study, [7] develop a stochastic dynamic program-
ming model to determine the follow-up rates for office and
virtual appointments, and they investigate the value of vir-
tual appointments in patients’ health outcomes. In these
papers, the capacity of the appointments is assumed to be
given. In contrast to these studies, we investigate the capac-
ity allocation of office and virtual appointments for different
settings.

Another stream of literature that is relevant to our study
is on the capacity planning problem in health care, which
addresses the issue of allocating limited resources to satisfy
the demand of the patients. There are several studies in this
area, and [26] provide a comprehensive review of resource
allocation and capacity planning in health care. Among
this literature, the following papers are more relevant to
our methodology. [11] develop an optimization/queuing
network model for optimal planning of resource allocations
(e.g., beds and nurses) and apply it to a blood bank and
a health maintenance organization. [32] develop a multi-
class migration network model as an optimization model
to determine the optimal capacity that maximizes the
overall profit of a dialysis clinic. [34] present a long-term
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care network model to determine the optimal capacity for
nursing homes and community-based services. Distinct
from the above literature, we consider both patient flows and
patients’ disease progression to determine optimal capacity
allocations. Our differences in the modeling structure are
detailed in the following section.

2.2 Contributions

In this paper, we consider an operational problem that deals
with the effective allocation of capacity among different
types of appointments (i.e., office and virtual appointments)
to maximize the long-run average earnings of the clinics.
The paper contributes to the capacity allocation literature on
the basis of the model structure, since we consider two types
of appointments with different effectiveness and patient
interactions in the chronic care setting. More specifically,
different from the above literature, we consider (i) the inte-
gration of operational decisions (i.e., how to allocate capac-
ity among different appointments) with the clinical opera-
tions (i.e., treatment and diagnosis of patients), (ii) two types
of appointments having different diagnosis and treatment
effectiveness, (iii) disease progression due to the chronic
nature of the condition, and (iv) patient dynamics and dif-
ferent patient groups rather than homogenous patients,
as we categorize patients as controlled vs. uncontrolled
and returning vs. new. The differences in the modeling
approaches lead us to reach different and unique conclu-
sions. For example, we derive the expected number of
patients scheduled for office and virtual appointments and
the expected number of patients in the controlled and uncon-
trolled health states by considering patients’ disease pro-
gressions. Through our results, we present how office and
virtual follow-up rates impact the optimal office and virtual
appointment capacity allocations and present how limited
total capacity and time impact the allocated capacity and
average clinic earnings. We further propose efficient and
practical solutions that would help clinics in their capacity
allocation decisions and bring them higher average earn-
ings. We find that although virtual appointments are not
as effective as office appointments, they can have equal
importance to office appointments due to their lower costs.
Different from the cited literature, we also show how the
expected number of patients at different nodes in the migra-
tion network model changes with respect to some of the
model parameters.

3 Migration network model for office
and virtual appointments

In this section, we consider a cohort of patients receiving
chronic care via both office and virtual appointments. In
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this network, two types of patients are served (i.e., new
patients and returning patients), and physicians provide
both office and virtual appointments. We use a continuous-
time open migration network [27, p.48-p.57] to simulate
the population dynamics (i.e., patient flows and disease
progression) in which patients’ arrivals are considered as
Poisson process and the time intervals between patient
transitions are independently and exponentially distributed.
We further consider an infinite population so that the node
capacities of the migration network are unlimited.

We illustrate our migration network model in Fig. 1,
and we describe the nodes and flows of the network in
this section. We use i € Z ={o, v}, where “0” corresponds
to office appointments and “v” corresponds to virtual appoint-
ments, to denote the set of appointment types. New patients
with office and virtual appointments arrive with Poisson
arrival rate A;, Vi € Z. We define the “service” as the diag-
nosis and treatment of a patient, and we consider that office
and virtual appointments provide both diagnosis and treat-
ment during the appointment. More specifically, service
time corresponds to the duration of an appointment, and ser-
vice times of patients are exponentially and independently
distributed. We use u;, Vi € Z to denote the service rate
of office and virtual appointments, respectively. We define
follow-up time (i.e., revisit interval) as the time between
the current visit and the next time the patient initiates an
appointment. We consider that after each appointment, the
physician recommends to the patient the type and the time
of the next visit. Hence, patients are scheduled for appoint-
ments based on the physician’s recommendation. Patient
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follow-up times are assumed to be independently and expo-
nentially distributed, with a rate of o;, Vi € Z. Some patients
may depart from the physicians’ panel before scheduling
another appointment (i.e., change the physician or clinic).
Patients’ departure times are independently and exponen-
tially distributed with a rate of §.

We use the “control” measure to characterize the patient
health status. The “control” measure helps with understand-
ing how well chronic-care related symptoms are currently
controlled in a patient. Depending on the types of chronic
diseases, these categorizations may differ. For example, for
asthma, four categories can be used as follows: (i) con-
trolled, (ii) improved, (iii) unchanged, and (iv) worsened,
and the last three are classified as an uncontrolled health
state [18]. For the sake of simplification, in our model,
we consider two health states as controlled and uncon-
trolled to characterize the patients’ health states. Then, let
je J ={c, u} represent the set of health states, where “c”
corresponds to the controlled health state and “u” corre-
sponds to the uncontrolled health state.

We assume that patients in the network may not be sched-
uled for an appointment (i.e., may not receive any care) and
they may be in the controlled and in the uncontrolled health
states. Hence, we define w, as patients who are in the con-
trolled health state and not scheduled for an appointment,
while we use w, to denote patients who are in the uncon-
trolled health state and not scheduled for an appointment.
We assume that there is no transition from the uncontrolled
state to the controlled state without treatment. However, due
to disease progression, some of the patients in the controlled
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health state and not receiving care (i.e., w.) may transi-
tion into the uncontrolled health state (i.e., w,) within the
unit time. The time for a controlled patient to progress into
the uncontrolled state is assumed to follow an exponential
distribution with a rate of y.

We also consider that patients in the network may be
scheduled for office and virtual appointments and receive
care. At each type of appointment, the health state of
the patient is diagnosed and the patient is treated. We
assume that office appointments can be more effective than
virtual appointments [7, 33, 38], and the treatment and
the diagnosis in the office appointments are perfect, while
those of the virtual appointments are imperfect. Perfect
treatment means that a patient’s health state recovers to
the best health state after treatment, while perfect diagnosis
means that a patient’s health state is revealed accurately
during the diagnosis. On the other hand, imperfect treatment
means that a patient’s health state can transit into a
different health state with some probability, while imperfect
diagnosis means that a patient’s health state may be
revealed inaccurately during the diagnosis. The perfect
diagnosis/treatment assumption is similar to the ones in the
machine maintenance and repair literature as well [9, 43].
Moreover, in the healthcare literature, the perfect diagnosis
and treatment assumption is also used by [6, 7, 18]. More
specifically, patients in each health state are assumed to
be always diagnosed accurately if they are scheduled for
an office appointment, and they will be in the controlled
health state after the office appointment regardless of
their initial health state before the appointment. On the
other hand, patients scheduled for a virtual appointment
may be diagnosed inaccurately, since virtual appointments
are expected to be less precise than office appointments
[7,33, 38].

Thus, we first define s, to represent patients who are
scheduled for office appointments and receiving care (i.e.,
diagnosis and treatment). Next, to capture the imperfect
diagnosis of virtual appointments, we define s, ; to denote
patients who are scheduled for virtual appointments and
diagnosed in health state je J at the virtual appointment.
We use conditional probability to define the imperfect

diagnosis probability for the virtual appointments. Let
pjij’»VJj. J' € J denote the probability that the patient in
health state j’ is diagnosed in health state j at the virtual
appointment, where pg|jr + pyjr = 1, Vj € J. We also
capture the imperfect treatment in virtual appointments.
More specifically, a patient diagnosed in the uncontrolled
health state at the virtual appointment may remain in the
uncontrolled health state with probability (1 — p,) or may
transition into the controlled health state with probability
pu. Similarly, a patient diagnosed in the controlled health
state at the virtual appointment may remain in the controlled
health state with probability p. after the virtual appointment
or may be in the uncontrolled health state with probability
(1 — p¢) after the virtual appointment (since not all
patients in the controlled health state may be diagnosed
accurately). Hence, the outcomes of nodes s, . and s, , are
the patients who are being diagnosed and treated during the
appointment, and the patients’ health statuses may remain
the same, may improve, or may get worse after the virtual
appointment (i.e., after being diagnosed and treated). We
further assume that the new patients scheduled for virtual
appointments will be diagnosed in the controlled health state
with probability py,.

Overall, we consider five nodes in the network, and we
use k € K ={we; wy; So; Sv.c; Sv.u} to represent the set of
nodes in the migration network. In Fig. 1, we illustrate the
described flow of patients between each node through arcs.
The arcs between nodes represent the process of a patient
that flows from one node to another. For example, the arc
from node “s,” to “w.” represents the flow of patients
from an office appointment to their homes after they have
their appointment. We also show the inflow and outflow
for each node next to each arc. For example, there are
two outflows from node “s, ,” where uncontrolled patients
can improve to the controlled health state or can remain
in the uncontrolled health state after receiving a virtual
appointment (i.e., being diagnosed and treated).

We define oy to denote the expected number of patients
at node k € K in the steady-state condition. The number of
patients at node k satisfy the following balance equations,
which are derived from Fig. 1 [27, p.49]:

My, . — Oy Pelc@w, — OvPeluCw, = Phhry (1

poets,,, — ou(1 = peje)oy, — op(l — pep)atw, = (I — pr)hy (2)

— My Pells, . — Py Puls,, + (v + 0o + 3+ V), — potts, = 0 (3
(1 = pelas, . — uo(1 = pylag,,, — Yoy, + (0y + 0o + 8oy, =0 )
=000y, — 0oy, + Lols, = Lo (5)

These equations represent that the total inflow to node
k € K must be equal to the total outflow from that node.
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Equations 1-5 are the balance equations with five unknowns
(i.e., oy, .3 Qg5 Og, 5 Ol s Oy, ), and we solve these balance
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equations to obtain the average number of patients in each
node at steady state. The result for each oy, Vk € K is
included in the Appendix B. By using these equations, we
characterize some of the structural properties to show the
relationship between the model parameters and the number
of patients at each node through Theorem 1.!

Theorem 1 In the migration network model, the number
of patients at each specific node presents the following
structural properties:

(a) Expected number of patients at virtual appointments
(i.e., oy, . + oy, ) is a linearly increasing function of
virtual follow-up rate (o), while it is not dependent on
the office follow-up rate (0,), and expected number of
patients at office appointments (i.e., ®,) is a linearly
increasing function of office follow-up rate (o,), while
it is not dependent on the virtual follow-up rate (o).

(b) Expected number of patients who are not scheduled
for an appointment and in the controlled health state
(ie., oy, ) is an increasing concave function of office
follow-up rate (0,), and expected number of patients
who are not scheduled for an appointment and in the
uncontrolled health state (i.e., o, ) is a decreasing
convex function of office follow-up rate (c,) if py > pe.

(c¢) Expected number of patients who are not scheduled for
an appointment and in the controlled health state (i.e.,
ay,) is an increasing convex function of p., while it
is an increasing concave function of p,. On the other
hand, the expected number of patients who are not
scheduled for an appointment and in the uncontrolled
health state (i.e., oy, ) is a decreasing concave function
of pc, while it is a decreasing convex function of p,.

(d) Expected number of patients who are not scheduled for
an appointment and in the controlled health state (i.e.,
ay, ) is a decreasing convex function of p¢|c, while it is
a decreasing concave function of pejy if pu > pe-

(e) Expected numbers of patients who are not scheduled
for an appointment and in both controlled and
uncontrolled health states (i.e., oy, and o, ) are not
dependent on the service rate of office and virtual
appointments (o and [Ly).

Theorem 1 (a) shows that as the virtual follow-up rate
oy (resp. office follow-up rate o,) increases (i.e., as patients
have virtual visits (resp. office visits) more frequently),
the expected number of patients scheduled for virtual
appointments (resp. office appointments) increases linearly.
On the other hand, office follow-up rate o, (resp. virtual
follow-up rate o,) does not impact the expected number

LAl proofs are included in the Appendix B.

of patients scheduled for virtual appointments (resp. office
appointments). We further investigate how the office follow-
up rate impacts the expected number of non-scheduled
patients in the controlled and uncontrolled health states.
Theorem 1 (b) states that if the condition of p, > p. is
satisfied, as the office follow-up rate o, increases, patients’
health statuses are more controlled and the expected number
of non-scheduled patients in the controlled health state
increases with a concave structure, while the expected
number of patients in the uncontrolled health state decreases
with a convex structure. Moreover, we investigate the
treatment impact of virtual appointments on the expected
number of non-scheduled patients in different health states.
More specifically, as described in Theorem 1 (c), if
the treatment effectiveness of virtual appointments in the
controlled and uncontrolled health states (i.e., p. and p,)
increase, the expected number of non-scheduled patients in
the controlled health state (i.e., «y,.) will increase with a
convex and a concave structure, respectively. Note that both
pc and p, can be at most 1, and hence the expected number
of non-scheduled patients in the controlled health state will
take its highest value when p, = p, = 1. On the other
hand, the increase in the treatment effectiveness of virtual
appointments in the controlled and uncontrolled health
states (i.e., p. and p,) results in a decrease in the expected
number of non-scheduled patients in the uncontrolled health
state (i.e., cty,) with a concave and a convex structure,
respectively. We also investigate the impact of the diagnosis
effectiveness of virtual appointments on non-scheduled
patients. In Theorem 1 (d), it is described that as pe|e
and p.|, increase, the expected number of non-scheduled
patients in the controlled health state (i.e., oy, ) decreases
with a convex and a concave structure, respectively. Finally,
through Theorem 1 (e) we find that office and virtual
service rates (i.e., i, and u,) do not impact the expected
number of non-scheduled patients in both controlled and
uncontrolled health states. Overall, through Theorem 1, we
show how patient dynamics and flows change at each node
with respect to the model parameters.

Next, we use our results from the migration network
model to define the capacity allocation model. Hence, we
use ag, Vk € K to define the steady-state distribution 7,
Vk € K. Hence, let x; denote the number of patients
at node k € K. Kelly ([27], p.53) shows that in steady
state, the nodes states are independent, and the steady-state
distribution for each node is a Poisson distribution with
parameter ¢, and given by Eq. 6 as follows:

of o of
(g = x) = x—"' Zn—’; =e—“k—’;, Vke K (6)
[ =

X!

The steady-state distribution defines the probability of
having x; number of patients at each node k. We use these
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probabilities to define the probabilistic capacity allocation
model in Section 4.

4 Capacity allocation model

In this section, we build newsvendor-type capacity allo-
cation models to find the optimal capacity for office and
virtual appointments to maximize the long-run average
earnings of a clinic. As described in the previous section,
we consider that the node capacities of the migration
network are unlimited, where the number of patients at
each node is unlimited. However, we consider a thresh-
old capacity for office and virtual appointments [34]. The
threshold capacity that we assign describes the number of
patients that can be served under the regular cost, and the
actual number of patients in office and virtual appointments
can exceed this threshold capacity. When the number of
patients in office and virtual appointments exceeds this
threshold capacity, we consider that a penalty cost due to
patient overflow occurs. Hence, we aim to find the opti-
mal threshold capacity for office and virtual appointments
for the clinics under the assumption that node capacities
are unlimited. In the following sections, we first introduce
the capacity allocation model without constraints. Then,
we modify the unconstrained model by adding constraints
on the optimal office and virtual appointment threshold
capacities.

4.1 Unconstrained capacity allocation model

We consider a clinic that provides both office and virtual
appointments with a threshold capacity of M, for office
appointments, a threshold capacity of M, for virtual appoint-
ments, and the total threshold capacity of M = M, +
M, . Since in our migration network we split the virtual
appointments into two parts to reflect the imperfect diagno-
sis and treatment, we define M, . and M, ,, which denote
the threshold capacity for virtual appointments in the con-
trolled and uncontrolled health states, respectively (i.e.,
M, = M, . + Mj, ). Defining different types of capaci-
ties for virtual appointments ensures more flexibility in the
model definition and our findings can impact the follow-
ing two areas in practice: (i) capacity splitting decisions
and (ii) patient scheduling decisions. In practice, although
it is not common to split the capacity of virtual appoint-
ments according to the patients’ health statuses, there
are different implementations of virtual appointments and
especially after COVID-19, they have been used in practice
more often. More specifically, (i) some virtual appointments
can be provided asynchronously for patients in controlled
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health states [39], (ii) some of them can be provided syn-
chronously for both controlled and uncontrolled patients
[28], and (iii) some of them can be provided synchronously
for emergency patients (i.e., tele-emergency) [20]. Hence,
clinics can consider splitting their virtual appointment
capacities based on patient needs. On the other hand, clin-
ics do not need to split their virtual appointment capacity,
but they can implement the proposed policies in their patient
scheduling decisions. More specifically, during the appoint-
ments, physicians diagnose patients, provide treatments,
and by considering the patient’s overall health status and
progress, the provider recommends the next appointment
time to the patient. Thus, when physicians are making their
scheduling recommendations for the next appointment they
can take into account the capacity allocation decisions (i.e.,
the ratio of My, /M, ).

Let K" = {s5; Sv.¢c; Sv.u} be the set of updated migration
network nodes. Then, we first define r, Yk € K’ as the
marginal profit of office and virtual appointments. We note
that there is one type of virtual appointment and r,, =
Fspe = Is,, (€., the difference between the revenue and
variable cost® is the same for all virtual appointments).
Similarly, we define ng, Yk € K’ to denote the unit threshold
capacity cost for office and virtual appointments, where
unit threshold capacity cost is the fixed cost of allocating
capacity, which can be employee salaries, building-related
costs, and equipment. We assume that ry > n; [32]. By
assuming rp > 0, we ensure that the optimal threshold
capacity Mj is greater than 0. More specifically, if the
unit threshold capacity cost is larger than or equal to the
marginal profit, it will be optimal to provide no service and
M;j. = 0. Since there is one type of virtual appointment, we
consider that ns, = ny,, = 7s,,. We further assume that
the number of patients at the office and virtual appointments
can exceed the allocated threshold capacity, and in this case,
the clinic provides the corresponding appointment but at a
higher total cost. To reflect the cost of patient overflow, we
define f; > 0, Vk € K’, which represents the unit net
penalty cost of the overflow, where fs, = f5,. = fs..
The definition is similar to the definition of the overbooking
cost used by [32]. It is the net cost of meeting the overflow
demand, which is the difference between the total variable
cost of meeting the extra demand and the revenue earned
for that appointment. The clinic still earns the marginal
profit ry for the overflow patients, but the extra variable cost
of meeting this excess demand is more than the marginal
profit. Let x;(#) denote the current number of patients at

ZVariable costs are the type of costs that can change depending on the
number of patients served, such as hourly labor cost or the cost of
materials and supplies.
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node k, Vk € K’ at time 7. Then, our unconstrained capacity
allocation model can be defined as follows:

1 T
max AM) = Tlimoof { Z/o rimin [xg(t), My]dt

keK’
T
— Z/ N Mydt
kek 0
T
- Z/ fi (xk(t)—Mkﬁdt} (7
kekr 0
s.t.
M >0 Vke K (8)

As noted before, the objective function is defined as
the function of threshold capacity and the number of
patients at each node. Since the number of patients at each
node is uncertain, we use the steady-state probabilities iy
defined in Section 3. In objective function (7), the first
term represents the marginal profit generated from office
and virtual appointments, the second term represents the
fixed threshold capacity cost, and the third term represents
the penalty costs associated with a capacity shortage.
Equation 8 defines the non-negativity setting.

Let E, (xx), k € K’ be the expected number of patients
at node k under the steady-state distribution 77z, k € K'. Due
to the ergodicity of the open migration network [27, p.49],
we can define the following equations:

1 T
lim —/ xi()dt = By, () = o ©)]
T—oo T Jo

T
lim % [My — xe(®)]" dt = Er [(Mi — x0)*] (10)
0

T—o0

: 1 ’ + +

lim — [ [x(@) — Mi]"dt = Eq [ — MT] (11)
T—ooo T 0

Then, we reformulate the objective function (7) with the
following equation, and we include the detailed steps of the
reformulation in the Appendix B.

AM) = 7 [0 = s — B [(Mi = x07]
kek!

—(fi + 1= 0B [ = M *]] (12)

Similar to Eq. 7, in Eq. 12, the first term is the difference
between the marginal profit and the fixed cost. The second
term is the opportunity cost for unutilized capacity, and the
last term represents the cost due to patient overflow.

We define Ay (Mj) as the individual objective function
for appointment k € K’, and it can be defined as follows:

Ar(My) = (re — noak — By [(Mi — x0) ] (13)
—(fi + k=) B, [t — M) T, Vk € K'

To maximize the objective A(M), each sub-objective
Ay (My) can be maximized separately. We derive the opti-
mal threshold capacity My, Vk € K’ for this unconstrained
capacity planning model through Proposition 1.

Proposition 1 The optimal solution of the unconstrained
capacity allocation model, denoted by M* = (M;’:i”, Mmin

Sv,e ?

M;:fiu”), is given by

i . + =
M = min {Mk >0 (o < My) > M}

Sk + 1k
Vk € K’ (14)

where i (xx < My) is the cumulative probability that x; is
less than or equal to My, Vk € K.

According to Eq. 14, the optimal threshold capacity
depends on both Poisson distribution parameter o) and
the ratio of f"”—j_r_m For a fixed Poisson parameter oy,
the cumulative probability function is a non-decreasing
function of Mj. Hence, as the ratio Z%="% increases, the

) o . et
optimal threshold capacity will also increase.

4.2 Capacity allocation model with capacity
constraint

In practice, due to the limited resources of the clinic, the
number of regular office and virtual appointments may
be limited. In this section, we extend the unconstrained
capacity allocation model presented in Section 4.1 and
investigate the impact of adding an upper bound on the
optimal threshold capacity decisions. This change does not
impact the balance equations of the migration network and
patient flows, and the objective function A(M) remains the
same as with the unconstrained model. More specifically,
node capacities in the migration network are unlimited, and
it is still allowed to have more than the Mj; number of
patients [34]. Hence, Eqgs. 1-6 still hold when the constraint
(16) is added. We use TC to denote the limited total
threshold capacity. Then, the capacity allocation model can
be updated as follows:

max  AM) = > [% — noew — B [(My — x1)™]

keK'

—(fx + e — mOEx [ — MpT]] (15)

sty My <TC (16)
keK’

M >0 Vke K' (17)

In the model, Eq. 16 states that the allocated threshold
capacity should be less than or equal to the total available
threshold capacity 7C, and Eq. 17 defines non-negativity
constraints. Let M, be the allocated threshold capacity
when the total threshold capacity is limited. Recall that
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M* = (M””” M””” M”“”) is the optimal threshold
capacity for the unconstralned capacity allocation model
given in Proposition 1. It is clear that if Zke oM IZ'”” <TC,
then M, = M*. This means that the clinic has enough
resources, which maximizes its overall average earnings,
and the clinic may be considered not to have excess capacity.
If ZkeK:/ M,Z'“'” > T C, this means that the clinic has scarce
resources, and the optimal solution provided in Proposition
1 may not hold. Hence, we propose Heuristic 1 to determine
the capacity allocation decisions. Let M., k € K’ be the
threshold capacity of node k at iteration ¢. Heuristic 1 uses
the partial derivation calculation of the objective function,
so we define the partial derivative of the objective function
for each k € K’ as follows:

AAM)
AM;
—ne — (fx + o < M) Yke KN (18)

A'(My) = =AMi+1) — AM) = fie + 1k

Then, Heuristic 1 can be stated as follows:

Algorithm 1 Capacity allocation heuristic for the model
with equal-weighted capacity constraint.

1: t =0and M < Oforany k € K’
2: while Y, .o M] < TC do
3: Calculate A"(M}), Yk € K’

4: if A"(M{) <0,Vk € K’ then

5 break

6: end if

7: x =argmaxy A'(M}),Vk € K
8: M;+1<—M’+1andt<—t+1
9: MITC (MSO , Mt Mstv_u)

10: end while
. t
11: MTC <« MTC

In Heuristic 1, we calculate the marginal gain of having
one more unit of the threshold capacity for the office and
virtual appointments. At each step, we compare the marginal
gain of having one office and one virtual appointment and
increase the threshold capacity of the appointment with the
highest gain by one. The heuristic stops when the allocated
capacity reaches the available total threshold capacity or
when adding one more unit of threshold capacity for all
appointments yields a negative profit gain.

4.3 Capacity allocation model with time constraint
In this section, we take into account the total time required
for providing each type of appointment. Section 4.2 assumes

that office and virtual appointments both take an equal
amount of time. However, virtual appointments are expected

@ Springer

to be shorter than office appointments. Hence, we update
(16) by considering the total available time and service
times of office and virtual appointments. Let T,, denote
the average total available time for the clinic. As defined
in Section 4.1, pu;, Vi € T represents the service rate of an
office and a virtual appointment, respectively. We assume
that virtual appointments for controlled and uncontrolled
patients have the same service rate, where s, . = s, =
Wy. Hence, i, Vi € T represents the average service time
of appointment type i. Then the capacity allocation model
with the time constraint can be defined as follows:

max AM) =Y [( — m)ax — mEr,[(Mi — x1) "]
keK'
—(fi +re — ﬂk)Enk[(xk -Mpt]] a9
ot M, (Mm M, )<T, (20)
Ho

where the objective function remains the same. Let M.
be the threshold capacity allocation decision for the model
with limited time. Recall that M* = (Mg)”" M”“”, M:’U”M"
is the optimal threshold capacity for the unconstramed
capacity allocation model given in Proposition 1. Similar to
Section 4.2, lful M;, min 4 L (M:”C” + M’"”’) < Ty, then
My = M*. *. On the other hand if the resources are scarce,
Proposition 1 does not hold. Hence, we define Heuristic 2 to
determine the capacity allocation decisions when the total
time is limited. Let M}, k € K’ be the threshold capacity
of node k at the ' iteration. We further define Z(My) =
A/(Mk)/t = urA’ (My), which is the marginal profit gain
of node k € K’ when total available time is limited.

Similar to Heuristic 1, Heuristic 2 also compares the
marginal gains of different types of appointments at
each iteration and increases the threshold capacity of the
appointment with the highest positive gain by 1. Neither
Heuristic 1 nor Heuristic 2 guarantees the optimal solution.
Hence, we analyze the relative errors of the solutions of
the heuristics from the optimal solution in the following
proposition:

Proposition 2 The relative errors of the solutions of
Heuristic 1 (i.e., Mtc) and Heuristic 2 (i.e., Mt, ), which
are the approximations of My, and M;w, respectively,
. A'(M!
are no greater than the relative error terms of %T(C)")
maxy A'(M})

and AT,
equations as follows:

, respectively. We state the corresponding

AMrc)—AMrc) _ AMyc)—AMrc) _max A'(Mp)

21

AMGe) T A(Mro) At Y

AMG,) =AMz, AMG) =AML _max XD
AME) T A(Mp) A(Mz,)
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where M,i represents the threshold capacity in the final
iteration of the heuristics. Also, A/(Mli) is the marginal
gain of appointment type k € K’ in the final iteration.
Proposition 2 ensures that the percent profit gap between
the optimal solution and the proposed heuristic solutions is
not greater than the percent marginal profit gain in the final
iteration.

Algorithm 2 Capacity allocation heuristic for the model
with limited time constraint.

I: t=0and M| < 0,Vk € K

2: while ;- M, + -L(M] + M )<T,do

3: Zr(M}) = piA'(M}), Yk € K

4 Yo MLkM,g + i > Ty, Vk' € K’ then

5: break
6
7
8

end if
x = argmaxy Zy(M}),Vk € K
: MY« ML+ landt < ¢+ 1
o My <« (M,'\ M} M )

10: end while
1: My, < Mg,

5 Numerical studies

In this section, we perform numerical experiments to ana-
lyze how the optimal capacity allocation decision varies
under different scenarios. To this end, we first describe the
model parameter estimation process. Then, we investigate
the change in the optimal threshold capacity with respect to
the follow-up rate and capacity constraint. Finally, we com-
pare the proposed solutions with some common policies in
practice.

5.1 Parameters estimation

In this section, we describe how the model parameters are
obtained. We note that our data are based on the literature,
and we use several sources to find the parameter values. The
parameter values we obtain represent different characteris-
tics. Due to the variation in the parameters’ characteristics,
fluctuation in the results can be expected. The parame-
ters that we present in this section is our initial setting,
and the results that are obtained based on a single setting
may not be generalized. To overcome these issues, in Sec-
tions 5.2 and 5.3, we define several scenarios and investigate
the changes in the proposed office and virtual appointment
capacities by considering possible fluctuations in the param-
eter values. We present minimum, average, and maximum
values of the proposed threshold capacity values to provide
a range for the decision-makers.

Flow parameters Based on a survey of American physi-
cians [45], doctors see 20.2 patients per day on average, and
physicians work on average 51.40 hours per week (includ-
ing all clinical and non-clinical duties). Of these, physicians
work on average 11.37 hours per week on non-clinical
(paperwork) duties only. Hence, we calculate the average
service time for each patient as (51.4 —11.37)/(5 x 20.2) =
0.396 hours and the service rate of the office appointment
as w, = 1/0.396 = 2.525/hour. In addition, the average
appointment time of the virtual appointments is less than
that of the office appointments, and it is reported as around
12 minutes [47]. Thus, the virtual service rate is estimated
as [y = My, = Ms,, = 060/12 = 5/hour. To calcu-
late the new patient arrival rate, we consider the state of
Michigan. The population of Michigan was 9.976 million
in 2017, and 47.9% of them suffered from chronic diseases
[41], while in 2018, the Michigan population increased to
9.996 million, and 48.1% of them suffered from chronic
diseases [46]. Thus, the number of new chronic patients in
Michigan can be calculated as (9.996 x 48.1% — 9.976 x
47.9%) x 10 = 29, 572. There are 278 clinics in the state
of Michigan [15], from which number the total monthly new
arrival rate may be estimated as A, + A, = 29572/(278 x
12) = 8.865 patients/month. Also, around 10.4% percent
of the visits occur through virtual appointments [45]. Thus,
Ao = 8865 x (1 — 10.4%) = 7.943 patients/month,
Ay = 8.865 — 7.943 = 0.922 patients/month. Accord-
ing to the regulations on chronic care management (CCM)
[19], a patient should receive at least 20 minutes of clinical
care by a physician or other qualified health care profes-
sional per calendar month. Considering the service rates of
office and virtual appointments, the follow-up rate can be

estimated as o, = W = 0.842/month, and
_ 20minutes/month __
Oy = “oninbies — = 1.667/month. Based on a CDC

report [14], generally incurable and ongoing chronic dis-
eases affected approximately 133 million Americans in
2009, representing more than 40% of the total population in
this country. In 2009, 7 out of 10 deaths in the U.S. were
due to chronic diseases, and the death rate due to chronic
diseases was around 1.706 million [29]. Thus, the monthly
departure (i.e., death) rate can be calculated as § =
1.706/(133 x 12) = 0.00107/month. In addition, the dis-
ease progression (i.e., transferring from a controlled health
state to an uncontrolled health state) is estimated as y =
0.5/week [13]. To estimate the new patients’ health sta-
tus, we consider a study that considers diabetes patients.
[17] present that 43% of new patients among their analytic
sample had indications of uncontrolled diabetes. Hence, we
assume pp, = 1 — 43% = 57%, which is the probabil-
ity that the newly arrived patient in a virtual appointment
is in the controlled health state. We note that for the
remaining parameters (pc, pPu, Pele> and p¢,) we perform
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sensitivity analysis to investigate their effects on the capac-
ity allocation.

Revenue and cost We assume that the workday for a clinic
is 20 days per month. For the revenue and cost parameters of
the office appointment, we refer to the study of [32]. Then,
the marginal profit of an office appointment is estimated as
rs, = $131 /day x20 days/month= $2620/month, the fixed
threshold capacity cost of an office appointment is estimated
as 1, = $84.6/dayx20days/month = $1692/month, and
the penalty cost of an office appointment is estimated as
fs, = $50/day x20 days/month = $1000/month [32].
For the virtual appointments, there is no direct historical
data, but the total cost of virtual appointments is estimated
as 32% less than that of traditional office appointments
[2]. Hence, the fixed threshold capacity cost for virtual
appointments is estimated as 7y, . = 75,, = $1692/month
x (1—=32%) = $1150.56/month. For the marginal profit and
the penalty cost of the virtual appointments, we use the same
parameter values as with the office appointments (i.e, rs, , =
Fspw = Tspoand fy o = f5, = fs,). Table 1 summarizes
the value of the patient-flow and profit-related parameters
together with the sources from which they are estimated.
We note that the parameter values listed in Table 1 are used
in one of the scenarios. Then, we analyze several scenarios
by considering the possible fluctuations in the parameter
values. Hence, through our scenarios we also consider the
cases where ry, . =1y, > 15, OF ry, =Ty, < Is, (Tesp.
where fs, . = fs,., > fs, O fs,o = fop < [s,)-

Table 1 List of model parameters

5.2 Impact of the model parameters
on the threshold capacity

In this section, we investigate the changes in the optimal
threshold capacity and average earnings as some of the
key parameters in the model change. The parameters we
use in the model are obtained from the literature and
are not specific to any healthcare organization. For that
reason, we perform sensitivity analysis to investigate the
optimal threshold capacity for varying parameter values
to ensure that the changes in the parameter values due to
the different clinics’ characteristics can be addressed. We
show how the optimal threshold capacity can change with
respect to a change in other parameter values. Through
our results, we show not only how the optimal threshold
capacity changes but also the range of the change in optimal
threshold capacity and average earnings. Our sensitivity
analysis would also help us to generalize our results for a
varying set of parameters and data sets.

Follow-up rate We first study the impact of follow-up
rate (i.e., 0,, 0y) on the optimal threshold capacity. It has
important relevance since reducing or increasing the follow-
up rate implies a lower or greater frequency of patients’
visits. We vary the follow-up rate in a range between 0.5¢
and 1.50 and present the corresponding optimal capacities
in Fig. 2. The results show that as we increase the follow-up
rate of office appointments, the optimal threshold capacity
of office appointments increases monotonically, while the

Parameters Values Sources
Office service rate (4,) 2.525/hour [45]
Virtual service rate (/4,) 5/hour [47]
Office arrival rate (1,) 7.943 patients/month [41, 46],

Virtual arrival rate (A,)

0.922 patients/month [45]

Office follow-up rate (o,) 0.842/month [19]
Virtual follow-up rate (o) 1.667/month
Departure/death rate (§) 0.00107/month [14, 29]
Disease progression rate(y) 0.5/week [13]
Probability that the new arriving patient is in the controlled health state (pj,) 0.57 [17]
Probability that patients diagnosed in the controlled health state remain in the controlled health state (p.) 0.9

Probability that patients diagnosed in the uncontrolled health state improve to a controlled health state (p,) 0.7

Probability controlled patient is diagnosed as controlled (pe|c) 0.9

Probability uncontrolled patient is diagnosed as controlled (p¢),) 0.2

Office marginal profit (r,) $2620/month

Virtual marginal profit (rs, ., 75, ) $2620/month

Office overflow penalty cost ( f;,) $1000/month [32]
Virtual overflow penalty cost (f;, ., fs,,) $1000/month

Office fixed threshold capacity cost (1, ) $1692/month

Virtual fixed threshold capacity cost (s, ., 7s,.,) $1150.56/month [2]
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Fig.2 The impact of follow-up rate on the optimal threshold capacity

total optimal threshold capacity for virtual appointments
does not change. This is reasonable, because the increase
in the office follow-up rate would result in an increase in
the expected number of patients in the office appointments
at the steady state but not in the expected number of
patients in the virtual appointments. It is also observed that
the expected number of patients in virtual appointments
is not a function of the office follow-up rate as stated in
Eq. 39 in the Appendix B. There occurs a slight increase
in the optimal threshold capacity of controlled patients,
the reason for which is that the increasing follow-up rate
of office appointments transfers more patients from the
uncontrolled health state into the controlled health state.
Similarly, as the follow-up rate of virtual appointments
increases, it is observed that the optimal threshold capacity
for controlled health state increases more than the optimal
threshold capacity for uncontrolled health state. Although
in practice there may be no distinction between capacity for
uncontrolled and controlled conditions, this an indication
that the increasing follow-up rate of virtual appointments
relatively reduces the number of patients in the uncontrolled
health state. Thus, increasing the follow-up rate of either
office or virtual appointments can improve the health
condition of the patients, but it simultaneously increases
the demand for office and virtual appointments, which is a
challenge for the clinic. This result is consistent with the
practice that as the average follow-up rate of the patients
increases, the panel size of one physician would decrease.
Thus, to serve the same number of patients, more physicians
are needed for the clinic.

Limited capacity Next, we analyze the impact of limited
total threshold capacity (TC) on the optimal threshold
capacity and the average earnings of the clinic. To this
end, we first determine M*, which is the optimal threshold
capacity allocation vector for the unconstrained model. For
the given model parameters in the unconstrained model,

o, - Optimal Capacity

28

N B O

0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.2 1.3 1.4 1.5
Percentage of o,

the optimal threshold capacity for office appointments, for
controlled virtual appointments, and for uncontrolled virtual
appointments is 17, 12, and 8, respectively, and the optimal
total threshold capacity of the clinic is 37. Hence, we change
the range of limited total threshold capacity (7'C) from 25
to 40. As shown in Fig. 3, as the limited total threshold
capacity increases, the office and virtual capacities increase
until they reach the optimal. We can see that when the
limited total threshold capacity (T C) is greater than 37
(.., Ypeir MIM™ < TC), the threshold capacity allocation
vector for the model with the equal-weighted capacity
constraint (i.e., M) is equal to the optimal result of the
unconstrained model (i.e.,M*), which is consistent with the
analysis in Section 4.2.

In addition, as we increase the limited total threshold
capacity, the average long-run earnings of office and
virtual appointments increase and the marginal profit gain
decreases, which is consistent with Eq. 87, that the second-
order derivation of the long-run average earnings is a
monotonic decreasing function.

Limited time We also study the impact of limited working
time (Ty,) on the threshold capacity and the average earn-
ings of the clinic. Recall that the optimal threshold capacity
for the unconstrained model is M* = {M,™" = 17,
M;’u”.c" = 12, M;’ZT = 8}. By considering the service rates
(i.e., po = 2.525/h0ur and u, = 5/hour), the optimal
threshold capacity for the unconstrained model is around
11 hours. Hence, we vary the range of the limited work-
ing time from 8 to 12 hours. Then, we use Heuristic 2 to
obtain the allocation decision for this problem. As shown
in Fig. 4, when T,, = 8 hours, the allocated capacities for
office and virtual appointments for controlled and uncon-
trolled patients are 11, 11, and 7, and when T;, = 10 hours,
the allocated capacities for office and virtual appoint-
ments for controlled and uncontrolled patients are 16, 11,
and 7.
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Fig.3 The impact of limited threshold capacity (7 C) on the optimal threshold capacity and average earnings

We observe that the change in the limited time affects
the threshold capacity for office appointments more than
the threshold capacity for virtual appointments. This is
because the average service time of office appointments
is nearly twice that of virtual appointments. If the limited
time decreases, it becomes more profitable to reduce the
threshold capacity for office appointments by one unit
rather than reducing the threshold capacity for virtual
appointments by two units. As shown, if the limited time
is greater than 11 hours, the actual working time remains
constant, which is consistent with the analysis in Section 4.2.
Since M, + - (M + M) < T,y M7, = M*.

5.3 Comparison of policies

In this section, we compare the total profits of some com-
mon benchmark policies with those of our proposed policies
(i.e., optimal policy, Heuristics 1 and 2). As benchmark poli-
cies, we consider three varying ratios of office appointment
threshold capacity to virtual appointment threshold capacity
(i.e., M, /My, ): (i) Policy-1: My /M, = 2, (ii) Policy-2:
M, /M, = 1, and (iii) Policy-3: M, /M, = 1/2. Ini-
tially, we consider that the virtual appointment capacities
allocated for controlled and uncontrolled patients are equal
to each other. For comparison, we analyze several scenarios

by varying the parameter values. As the number of varying
parameters increases, the number of scenarios and the com-
plexity of the analyses increase. Hence, considering that the
impact of the § and y variables on the capacity allocation
decisions can be small and that preserving the relationship
of u,< W, is important, we keep these variables constant.
For all 16 remaining parameters, we use two possible values
(i.e., low, high). We use the following formulas to calculate
the low and high levels for each parameter:

Low Value of a Parameter = (1 — Fluctuation Rate)

x Original Parameter Value (23)
High Value of a Parameter = (1 + Fluctuation Rate)
x Original Parameter Value 24)

By considering all possible combinations, we evaluate
215 32,768 scenarios for the unconstrained model,
and for the model with the capacity and time constraint,
we analyze 2! = 65,536 scenarios as we also change
the parameter 7C and T,,. In Tables 2 and 3, we present
the solutions obtained from the proposed heuristics (i.e.,
the ratio of My,/M;,, M, ./Ms,,, and A(M)) and the
comparison results of the policies (i.e., Policy-1, Policy-2,
and Policy-3) with respect to the proposed heuristics for the
unconstrained model, the capacity-constrained model, and

18 220
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Fig.4 The impact of limited working time (7y,) on capacity allocation and average earnings
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Table 2 Comparison of Policy-1, Policy-2, and Policy-3 with benchmark policies when the fluctuation rate is 5%
Optimal % Profit Gap
Unconstrained Model M, M, e M, M,,, Je Policy-l  Policy2  Policy-3
Average 17.45 19.75 0.89 11.59 8.16 1.43 47.61% 5.12% 28.60%
Max 20.00 23.00 1.11 14.00 10.00 1.86 83.31% 18.31% 53.08%
Min 15.00 17.00 0.71 9.00 6.00 1.11 25.40% 0.00% 12.81%
Heuristic-1 % Profit Gap
Model with Capacity Constraint M;, M;, AA:IISYO Ms, My, % Policy-1 Policy-2 Policy-3
Average 15.28 16.71 0.92 9.94 6.76 1.49 43.25% 6.20% 27.94%
Max 18.00 20.00 1.14 12.00 9.00 2.20 82.79% 24.33% 53.14%
Min 13.00 14.00 0.70 8.00 5.00 1.11 16.31% 0.00% 7.93%
Heuristic-2 % Profit Gap
Model with Time Constraint M;, M, %—f" M, . M, , % Policy-1 Policy-2 Policy-3
Average 16.50 19.25 0.86 11.30 7.95 1.43 47.58% 9.97% 28.57%
Max 20.00 23.00 1.11 14.00 10.00 2.00 86.77% 31.28% 58.69%
Min 14.00 16.00 0.64 9.00 6.00 1.11 25.20% 0.95% 10.88%

the time-constrained model. Table 2 shows the results for
a fluctuation rate of 5%, while Table 3 shows the results
for a fluctuation rate of 10%. To calculate the percent
gap between the profit function of the policies and of the
proposed heuristics, we use the following formula:

Percent Profit Gap
__ Profit of Proposed Heuristic - Profit of Corresponding Policy

Profit of Proposed Heuristic
x100% (25)

In Tables 2 and 3, we present the average, maximum, and
minimum values obtained over all scenarios, and we observe
that the allocated capacities according to the optimal policy
and heuristics for office and virtual appointments fluctuate
as parameters change. When the three common policies
are compared, we can see that Policy-2 (i.e., My,/M;, =
1) is the best, even though the results become worse as
fluctuation increases. For the unconstrained model, the
optimal threshold capacity allocation ratio (i.e., M;,/Mj,)
varies between 0.71 and 1.11 when the fluctuation rate

Table 3 Comparison of Policy-1, Policy-2, and Policy-3 with benchmark policies when the fluctuation rate is 10%

Optimal % Profit Gap
Unconstrained Model M, M, e M, M, e Policy-1 Policy-2  Policy-3
Average 17.41 19.74 0.89 11.61 8.12 1.47 50.69% 7.88% 31.41%
Max 22.00 25.00 1.27 17.00 12.00 243 106.90% 50.33% 81.14%
Min 13.00 15.00 0.62 7.00 5.00 0.88 12.34% 0.00% 3.56%
Heuristic-1 % Profit Gap
Model with Capacity Constraint M;, M, M—f" M;, . M, , Z\‘“ Policy-1 Policy-2 Policy-3
Average 15.10 16.61 0.92 9.90 6.71 1.54 47.83% 9.71% 31.07%
Max 20.00 21.00 1.50 14.00 10.00 3.33 105.82% 65.40% 81.58%
Min 10.00 12.00 0.50 6.00 3.00 0.88 3.43% 0.00% 0.00%
Heuristic-2 % Profit Gap
Model with Time Constraint M, My, e My, My, e Policy-1 Policy-2  Policy-3
Average 16.15 19.05 0.86 1124 7.80 1.49 52.66% 15.00% 33.45%
Max 21.00  25.00 1.29 17.00 1200 2.60 110.39%  71.08% 96.46%
Min 13.00 14.00 0.54 7.00 5.00 0.88 11.44% 0.00% 3.08%
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is 5%, while it varies between 0.62 and 1.27 when the
fluctuation rate is 10%. As expected, when the uncertainty
in the parameter values increases, the optimal threshold
capacity allocation ratio varies more. It also shows that even
if the fluctuation rate is high, it is not reasonable to use a
threshold capacity allocation ratio of less than 0.62 or more
than 1.27. Similar to the unconstrained model, in the model
with the capacity and time constraints, Policy-2 performs
the closest to the proposed solutions, but the variation is
more compared to the unconstrained model where the model
with time constraint has the highest variability. In the model
with capacity constraint, the suggested Mj, /M, ratio varies
between 0.7 and 1.14 when the fluctuation rate is 5%, and
it varies between 0.5 and 1.5 when the fluctuation rate is
10%. Finally, in the time-constrained model, the proposed
My, /M, ratio changes between 0.64 and 1.11 when the
fluctuation rate is 5%, while it changes between 0.54 and
1.29 when the fluctuation rate is 10%. According to the
results of the proposed policies (i.e., optimal, Heuristics 1
and 2), the average threshold capacity allocation ratio
M, /M, should be 0.89 for the unconstrained model, 0.92
for the capacity-constrained model, and 0.86 for the time-
constrained model.

We also compare the change in the total threshold capac-
ity split for virtual appointments and for all models in
Tables 2 and 3. For the unconstrained model, the optimal
M, ./Mj, , ratio varies from 1.11 to 1.86 when the fluc-
tuation is 5%, and it varies between 0.88 and 2.43 when
the fluctuation is 10%. For the model with capacity con-
straint, the suggested My, ./Mj, , ratio ranges between 1.11
and 2.2 when the fluctuation rate is 5%, while this ratio
ranges between 0.88 and 3.33 when the fluctuation rate is
10%. Finally, for the time-constrained model, the suggested
M, ./ M, , ratio changes between 1.1 and 2 for the fluctu-
ation rate of 5%, while this change is between 0.88 and 2.6
for the fluctuation rate of 10%. For all models, we observe
that the average suggested My, /M, , ratio is greater than
1, which means that the threshold capacity allocated for
patients diagnosed in the controlled health state at virtual
appointments is greater than the threshold capacity allo-
cated for patients who are diagnosed in the uncontrolled
health state at the virtual appointments. In practice, physi-
cians can take into account this ratio while making their
recommendation to the patient for the next appointment.

We next analyze the impact of the fluctuation rate on
the optimal policy for the unconstrained model. We vary
the fluctuation rate between 2.5% and 20%. In Fig. 5,
we present the impact of the fluctuation rate on the
average, maximum, minimum, and standard deviation of
the optimal M, /M;, ratio for the unconstrained model. As
the fluctuation rate increases, the average increases slightly,
but the range of the ratio of office appointment threshold
capacity to virtual appointment threshold capacity and the

v,u
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Fig.5 The impact of fluctuation rate on the optimal threshold capacity
allocation ratio, My, / My, for the unconstrained model

fluctuation of this ratio become larger. This indicates that
the increasing uncertainty in parameter values makes the
allocation decision harder for the policymakers.

6 Conclusion

Virtual appointments, consisting of e-mail, phone, and online
consultations, are increasingly changing our point of view of
traditional office appointments, which makes the integration
of virtual appointments and office appointments critical
for healthcare providers. Nowadays, many health clinics
and hospitals are transitioning in virtual health services,
which brings several operational challenges. Hence, the
capacity planning for these two kinds of appointments has
become an important but complex problem in the field of
healthcare.

In this study, we use a migration network to model the
flow of chronic patients. Our model further reflects the
varying effectiveness of office and virtual appointments in
treatment and diagnosis. We build a newsvendor optimiza-
tion model to determine how to allocate the capacity of the
office and virtual appointments to maximize the network’s
long-run average earnings. We present an unconstrained
model and two extended models with capacity and time
constraints to demonstrate the potential use of this model
in the clinic network under different scenarios. Through
numerical studies, we present one clinic network with
parameters estimated from the state of Michigan. We study
the use of our optimization models under different scenar-
ios and perform sensitivity analysis for the comparison of
different allocation policies. Our theoretical and numerical
studies bring us several insights into the clinic system and
the application of virtual appointments. We propose efficient
and practical solutions that bring higher average earnings
compared to the common policies in practice. Our results
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also suggest that virtual appointments should be used more
for following up with controlled patients than for treating
uncontrolled patients. Also, although virtual appointments
are not as effective as office appointments, they have equal
importance to office appointments due to their lower costs.
There are several limitations that can be extended in
several directions. First, our study focuses on capacity allo-
cation decisions for given arrival and follow-up rates. As
an extension, the optimal follow-up rates and arrival rates
can be investigated for a given capacity of office and virtual
appointments. Considering the arrival rate as a decision

variable refers to the physician’s panel size decision, where
the physician can decide on the rate of new patients to accept
into her/his panel [23, 35, 40]. Second, our data are based on
the literature, which limits the generalization of the model.
In the future, the model can be verified by using a specific
clinic’s or hospital’s data. Finally, we assume in our study
that all patients show up for their appointments. However,
no-shows are common in practice, and no-shows in office
and virtual appointments can be different. In a future study,
the impact of no-shows on capacity allocation decisions can
be investigated.

Appendix A: Summary of the notations

Migration Network Model

Notation Definition

wi,viel The service rate at node i.

A, Viel The arrival rate of new patients at node i.

o;j,Viel Follow-up rate of patients at node i.

8 The departure rate of patients in the system.

y Disease progression rate.

De The probability that the patients diagnosed in the controlled health state remain in the controlled
health state after a virtual appointment.

Pu The probability that the patients diagnosed in a uncontrolled health state improve to controlled health
state after a virtual appointment.

pjlj-i.j'ed The probability that patient in health state j’ is diagnosed in health state j during the virtual
appointment.

Ph The probability that the new arrived patient in virtual appointment is in the controlled health state.

we System state for patients who are in the controlled health state and not scheduled for an appointment

wy System state for patients who are in the uncontrolled health state and not scheduled for an appointment.

So System state that represents patients scheduled for office appointment.

Sy.c System state that represents patients scheduled for virtual appointment and in the controlled health state.

Sy.u System state that represents patients scheduled for virtual appointment and in the uncontrolled
health state.

aj,i € K The expected number of patients at node i at the steady-state condition.

Capacity Allocation Model

Notation Definition

re, ke K The marginal profit of appointment type k.

N,k € K The fixed cost of appointment type k.

. ke K The penalty cost for overflow patients at appointment type k.

xXp ke K The current number of patients at appointment k.

M;, The threshold capacity of office appointments.

M, , The threshold capacity of virtual appointments for controlled patients.
M;, The threshold capacity of virtual appointments for uncontrolled patients.
M Total threshold capacity for office and virtual appointments.

A(M) The total long-run average earnings of the clinic.

Ar(Mp), k € K
TC

The long-run average earnings from the node i.
The limited threshold capacity.
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Appendix B: Proofs
1-Proof of average number of patients at each node

Recall that the model with imperfect diagnosis and treat-
ment meets the definition of an open migration network
[27, p.48], number of patients at each node satisfy the
following balance equations:

MUy, . — Oy Pclc®w, — OvPclu®w,

= pnhy (26)
Mol , — oy(1 — pc|c)awc —oy(1 — pc|u)awu
= (1= pn)ry 27

VVe-dy+ [(pclu + DelePu — pc\ule)Gl)z + pclcsgv + Dc|cOo0y + pclu)/o‘v])\o

—HyPells, ., — My Puls,, + (oy + 00+ 38 + y)ay,

—otts, =0 (28)
—po(1 = poag, . — po(l — pulag,, — you,

+(oy + 0o + 8)oty, =0 29)
—0pQy, — OOy, + Hols, = Ao (30)

These equations represent that the inflow to node i must
be equal to outflow from node i. Equations 26-30 are five
equations with five unknowns (i.e., o, .; Os,5 @s, 5 Qu,s
oy, ), then we can solve the balance equations and obtain
the average number of patients in each nodes at steady state
and get:

Fone = Buy@+y +o0p+ 0y — DcDelcOv + PePeluCv + Pele PuCv — pclupugv)) Gh
o = VVi-dy + (1= peju + pe(peju — pclc))03 + (I = peie)doy + (1 — peie)oooy + (1 — pej)youlho (32)
o Buy(@ +y + 0o+ 0y — pePelcOv + PePeluOv + Pele PuGv — PeluPuCv))
- 0o + (Pu + Peju(pe — D))oy + (pu + pr(pe — Pu))SIhy + (00 + (Pu + Peju(Pe — Pu))ow + 812, (33)
‘ (8@ +y + 0o+ 0y — PcPe|cOv + PePeuOv + Peje PuGv — Pelu PuCv))
P [y + (A = pu — peje(pe — pud)oy + (1 — py — pr(pe — pu))81hy + [y + (1 — pu — pejc(Pe — Pu))ovlio (34)
! (0@ +y + 0o+ 0y — PePelcOv + PePeluOv + Pele PuGv — PeluPuCv))
o, = Oohy + (8 +05) Ao (35)
’ S0
where To show the above statement we take the derivative of ay,

VVe = (pefu + PelePu — PeluPu)Ty
+(Pelu + Ph + PelePu — PeluPu)80y + PclcOo0y
+Peluy o0 + Pnd” + prdy + prdo, (36)
VVi = (1 = Pefu — pePele + PePel)oy
+(2 = peju = Ph — PePele + PePeju)d0y
+(1 = peic)oooy + (1 — pe)you
+(1 = p)8* + (1= p)8y + (1 = pw)do,  (37)

From the above, we can find that,

A A
s, + g, = 22 : v (38)
A 1) A
O{SU’C n o, , = Oyro + ( + (Tv) v (39)

Sy

2-Proof of Theorem 1 item a

In the migration network model, the number of patients
at virtual appointments (i.e., &y, , + @s,,) is a linearly
increasing function of the virtual follow-up rate (o, ), while
it is not dependent on the office follow-up rate (o,).
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with respect to o, and oy,.
80lsv Ay + 20)

- 40
doy Ly “0
5

g (1)
do,

As shown in Eq. 40, the first-order derivative of o, with
respect to o, is a positive value which states that oy, is an
increasing function of ;. On the other hand, the first-order
derivative of o, with respect to o, is equal to zero which
states that o, does not depend on o,.

In the migration network model, the number of patients
at office appointments(i.e., c,) is an increasing function of
office follow-up rate (o,), while it is not dependent on the
virtual follow-up rate (o).

To show the above statement we take the derivative of oy,
with respect to o, and o,.

aaso _ Ay + A0)

42
00, Ly “2)
9
M0 o (43)
doy

As shown in Eq. 42, the first-order derivative of «, with
respect to o, is a positive value which states that o, is an
increasing function of ¢,. On the other hand, the first-order
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derivative of «;, with respect to o, is equal to zero which
states that o, does not depend on o,.

3-Proof of Theorem 1item b

In the migration network model, the number of patients who
are not scheduled for an appointment and in the controlled

ALy, ((1 = Pu)(Sry + Xo0y + Ay0v) + Y Ao + YAy + (Pu — Pe)(SAvph + Ao Pejcov + Avpc\cav))

health state (i.e., oy, ) is an increasing concave function of
office follow-up rate (o,) if p, > pe.

To show the above statement we first take the derivative
of ay,. with respect to o,.

9o, B@+y+oo+oy,— PcPc|cOv + PePeluCv + Pele PuCv — Pclupuav)z)

(44)

As shown with Eq. 44, the first-order derivative of oy,
with respect to o, is a positive if value p, > p. which
means that o, is an increasing function of o,. Because both

numerator and denominator yield positive values. To show
that o, is concave with respect to o, we take its second
derivative as follows:

82Olwf _ (2(1 = Pu) Ay + Ao0y + Xy0y) + VAo + YAy + (Pu — Pe) (SAy P + Ao PejcOv + )»vpclca'v)) (45)
320, B8+ vy + 0o+ 0y = PePe|cOv + PePeluv + Pele Pudv — pclupuo'v)3)
_ (2(] — Pu)(SAy + Ao0y + Ay0y) + VAo + YAy + (Pu — Pe)(SAyph + )\opclcav + }‘«vpclcav)) (46)

@@ +y+o,+0y+ (Pu— Pc)Pe|cOv —

(Pu — pc)pc\uav)3)

As shown with Eq. 46, knowing that p¢c > peju, if
Pu > De, the second-order derivative of o, with respect
to o, is a negative value which states that oy, is a concave
function with respect to o,,.

In the migration network model, the number of patients
who are not scheduled for an appointment and in the

uncontrolled health state (i.e., oy, ) is a decreasing convex
function of office follow-up rate (o,) if p, > pe.

To show the above statement we first take the derivative
of oy, with respect to o,.

8C’*‘wu _ (_((pclc - Dpu — PclePe + D(Xo + Ay)oy — Ay (pn — D py + Ay pppe + (=6 — ¥IAy — ¥ho) (47)
0o, 8(_pcpc\cav + PcPcluOv + Pele PuCv — PeluPu0v + S+y+o,+ av)2
_ (pu — pc)((”\vph + AoPclcOv + )\vpc|cav) + (1 = pu)(Bry + o0y + Ayoy) + ¥ (Ao + Ay) (48)

2
8((PC|C — Pelu)ov(Pu — pe)oy +8+y + 0, + Uv)

As shown with Eq. 48, the first-order derivative of «y,,
with respect to o, is a negative value (both numerator and
denominator are positive) if p, > p. which states that

2
070y,

2(pu — pc)(a)”vph + Ao PelcOv + )\vpclcav) + (I = pu)(Bry + Ao0y + Ayoy) + ¥ (Ao + Ay)

ay, is a decreasing function of o,. To show that a,, is
convex with respect to o, we take its second derivative as
follows:

920,

2
8((pc\c - pclu)av(pu - pc)av +6+ Y + 0o+ Uv)

49)

As shown with Eq. 49, the second-order derivative of oy,
with respect to o, is a positive value (both numerator and
denominator are positive) which states that oy, is a convex
function with respect to o,,.

4-Proof of Theorem 1 item ¢

In the migration network model, the number of patients who
are not scheduled for an appointment and in the controlled
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health state (i.e., ay,,) is an increasing convex function of To show the above statement we first take the derivative
Pc, while it is an increasing concave function of p,,. of ay,. with respect to p..

805wc ((pc\c - pc|u)((”\vpu(7v + )uopuo'g + )»vpua’vz) + 52)wph + Syrupn + 8A0pc|cav + 8)\upc|u0v + 6Ay pro,

pc 8(—=pcPelcOv + PePeluOv + Pele PuGv — PeluPudv + 8+ v + 0o + ov)?
Ay Proy + VAo PeluGv + ¥V Ay PeluOv + AoDelcTo0y + )\opc|u<7v2 + AvPelcOo0y + )uupc|u0v2)

+ (50)

3(=pcPelcOv + PePeluOv + Pele PuGv — PeluPuCv +8 + Y + 0o + Uv)z

As shown with Eq. 50, knowing that p¢jc > pe|, the first- that o, is convex with respect to p. we take its second
order derivative of «y,. with respect to p. is positive which  derivative as follows:
means that o, is an increasing function of p.. To show

32awc 20‘u(Pc|C - pclu)((Pclc - pc|u)(5)\vpuo'v + )\opuo'vz + )»uputfvz) + 82)»vph + 8y Ay pn + 8Ao PelcOy + SAy PeluOy

82pc B 8(_pcpc\co'v + PcPcluOv + PelcPuOv — PeluPuCv + S+y+o,+ O'v)3
+5)\vPhUo + 08Xy Phoy + VAo PeluOv + ¥V Ay PejuGv + Ao Pe|cOo0y + )\oPcluO’UZ + Ay PelcOo0y + )»Upcmavz
8(_pcl7c|c0v + PcDecluOv + DPele PuOv — DPeluPuOv + S+y+o,+ Uv)3

(G

As shown with Eq. 51, knowing that p.. > p¢, the  positive value which states that o, is a convex function
second-order derivative of o, with respect to p. is a  withrespect to p..
Next, we take the derivative of ;. with respect to p,.

Doy, _ ((pele — pclu)(a)wpco'v + )»oPcUl? + )\vpco'uz) + (pn — 1)(62)\1) +8yhy + 8Ayoy + 8)\1100)
Opu (5(_Pcpc\c5v + PcPcluOv + Pele PuOv — PeluPu0v + S+y+o,+ Uv)z)
(Pele — 1)(‘””0“11 + Xo000y + )\vaoav) + (Peju — 1)(5)\1)(71) + Y2o0y + Y Ayoy + )\001)2 + )\vovz)

(8(=pcPelcOv + PePeluOv + Peje PuGv — PeluPulv + 8 +y + 05 + Gv)z)

(52)

As shown with Eq. 52, the first-order derivative of oy, Ay pcovz)) which means that o, is an increasing function of
with respect to p, is positive (since (SAUGU + yAooy + pu- To show that «,,, is concave with respect to p, we take
YAyoy + AOGUZ + Avaf) > (pc|c(8kvpcav + A(,pcol)2+ its second derivative as follows:

0y, 20v(Pele = pelu)((pclc — Pel) (8 peoy + Aopeod + Aypeol) + (ph — D(8%hy + 8y Ay + 8Ay0y + 82y0,)

azpu (8(=pcPelcOv + PePeuOv + Pele PuGv — PeluPuCv +8 + v + 0, + Uv)3)

(Pele — 1)(8)\00—11 + Xo0o0y + )\vo—oav) + (Peju — 1)(8)%)0'1) + Y Aoy + Y Ayoy + )\00—1;2 + kv03)>
+

(53)
(8(_pcpc|c0v + PePeluOv + Peje PuOv — PeluPuOv + S+y+o,+ GU)3)

As shown with Eq. 53, knowing that p.c > Ppejus In the migration network model, the number of patients who
the second-order derivative of o, with respect to p. is a  are not scheduled for an appointment and in the uncontrolled
negative value which states that o, is a concave function  health state (i.e., oy, ) is a decreasing concave function of
with respect to p,,. Ppc, while it is a decreasing convex function of p,,.
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To show the above statement we first take the derivative
of ay,, with respect to p..

datw, ((pc|c = Pelu) (82vPudv + hopuol + hypucl) + 8% dupi + 8 Ay ph + 8o PeicOy + Shy PeluTy + 8y Proo
ope 8(=PePelcOv + PePelu0v + PelePudv — PeluPu0v + 8 + ¥ + 0, + 0y)?
ko PhOy + Vo PeluOv + ¥ v PeluOv + 2o PelcOo0y + hoPeluTy + ho PelcTo0y + )\'vpc\uaz)z)
- 8(=PePelcOv + PePelu0v + PelePudv = PeluPu0v + 8 +y + 0, + 0v)? o9
As shown with Eq. 54, knowing that p.|c > pe|, the first-  that o, is concave with respect to p. we take its second
order derivative of a,,, with respect to p, is negative which  derivative as follows:
means that o,,, is a decreasing function of p.. To show
8%, 20y (Pefe — pc\u)((pc\c = Pelu) (Ao Puoy + Ao pu0? + hopucl) + 8% Ay pi + YAy ph + ShoPelcOy
%p. 8(=PePelcOv + PePeludv + PelePudv = PeluPu0v + 8 +y + 05 + )3
| 8hoPelu0y + 820Ph (G0 + 00) + ¥Peu0v(ho + Av) + AoPelcTo0y + hoPcluTy + v PelcTo0y + v Pelu0y 55)

8(_Pcpc|co'v + PcDecluOv + Pele PuOv — Pelu PuOv + S+y+o,+ Uv)3

As shown with Eq. 55, knowing that p;. > pc, the negative value which states that «,,, is a concave function
second-order derivative of «,, with respect to p. is a  with respect to p,.
Next, we take the derivative of «,,, with respect to p,.

dotw, _ ((Pele = Pep) (Shopeoy + hopeoy + hpeay) + (ph = D(8%hy + 8y hy + 81v0y + 83u00)
pu B ((=pcPelcOv + PePeuOv + Pele PuGv — PeluPuCv +8 + vy + 0, + 0v)?)
(Pele — D(8X00y 4 X0060y + 2y0003) + (Peu — 1) (8Ap0y + ¥ 200y + Y Au0y + Ao02 + Ayo2)
(5(_Pcpc|cav + PePeluOv + Peje PuOv — PeluPuOv + S+y+o,+ O—11)2)

(56)

As shown with Eq. 56, the first-order derivative of oy, Ay pcavz)) which means that «,,,, is a decreasing function of
with respect to p, is negative (since ((Skvav + yAro0p + Du. To show that «y,, is convex with respect to p, we take
VAo + Aol + A02) = (pec(8Avpeoy + Aopeol+ its second derivative as follows:

32awu 20y (Peje — pdu)((pc\c - pc\u)(‘”\vpcav + )»opcﬂf + )»uPchz) + (pn — 1)(82)\11 + 8y ry + 8Ayoy + 8)\110’0)
32Pu B (8(_pcpc|cav + PePeluOv + Pele PuOv — Pelu PuOv + d+y+o,+ Uv)3)
(Pele — 1)(8)\00v + Ao000y + )\vaoav) + (Peju — 1)(5)»11011 + V2ro0y + Y Ayoy + )\001)2 + AUGIJZ))

. (57)

(8(_pcpc\cav + PcPelu0v + Pelc PuCv — PeluPuCv + d+y+oo+ av)a)

As shown with Eq. 57, knowing that pec > pcu, the  5-Proof of Theorem 1 item d
second-order derivative of «,,, with respect to p, is a
positive value which states that «,,, is a convex function  Inthe migration network model, the number of patients who
with respect to p,,. are not scheduled for an appointment and in the controlled
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health state (i.e., oy, ) is a decreasing convex function of To show the above statement we first take the derivative
Dele> While it is a decreasing concave function of p.j, if  of ay, with respect to pejc.
Pu = Pc-

Bawc oy(pe — Pu)((l — pr)8iypu + (1 — Pclu))\opuav + - Pclu))\vpuav + 8Aypepn + )Lopcpclugv

8pclc (3(_pcpc|c(7v + PePeluOv + Peje PuOv — PeluPuOv + S+y+o,+ Uv)z)
Ay DcPeluCv + 3o + A0, + )\voo)

+ 2 (58)
(8(_Pcpc|c6v + PcPclu0v + Peje PuOv — PeluPuOv + d+y +o0o+0y))

As shown with Eq. 58, knowing that p.c > pcu, if  of pc. To show that ay,, is convex with respect to p¢|. we
DPu > P the first-order derivative of a,,, with respect to pc|c take its second derivative as follows:
is negative which means that «,, is a decreasing function

Ray  200(Pe— pu)2<(1 — P8 upu + (1 = pe)roPuoy + (1 = peju) v Puty + ko Peph + Ao Pe Peludv

82pclc B (5(_pcpc|cav + PcPcluOv + PclcPuOv — PeluPuCy + d+y+to,+ Jv)3)

}‘«vpcpcluav +0ho + A0, + )hv(70>
(59)

+ 3
(3(_pcpc|cf7v + DePeluOv + Peje PuOv — PeluPuOv + S+y+0,+0y)°)

As shown with Eq. 59, knowing that pcc > p¢. the positive value which states that «,,. is a convex function
second-order derivative of oy, with respect to p¢ is a with respect to p¢|c.
Next, we take the derivative of a,,, with respect to p¢|,.

Ay, (Pelec(Ro + Av)oy + 64y pp) (pe — Pu)ZUv + (pc — pu)ov (((pu — Doy

Opclu B _5(_Pcpc|c0u + PePeudv + PejePudv — PejuPuCv +8 +y + 0o+ o)
Pud =8 = ¥+ (u = Doy = Y)ho)

+ 5 (60)
5(_pcpc|cav + PcPcluOv + PclcPuOv — PeluPuCv + d+y +o,+oy)
As shown with Eq. 60, the first-order derivative of oy, is concave with respect to p.|, we take its second derivative
with respect to p¢), is negative if p, > p. which means as follows:
that a,,,, is a decreasing function of p.|,. To show that o,
2oy, 2(pcoy — Pqu)((Pc\c(M + Ay)oy + Shypr)(pe — pu)zav + (pe — pu)av(((pu — Doy
82Pclu B 8(_pcpc\c0v + PcPeu0v + Pejle PuOv — PeluPu0v + S+y+o,+ Uv)3
Pud =8 = YD+ (pu = Dow = 1))
(61)

+ 3
8(_Pcpc|c0v + PeDecluOv + DPele PuOv — PeluPuOv + S+y+o,+o0y)
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As shown with Eq. 61, knowing that p;. > pecju, if  uncontrolled health state (i.e., oy, ) is an increasing convex
Pu > Dpc the second-order derivative of o, with respect  function of pe, if p, > pe.
to p. is a negative value which states that «,,_ is a concave To show the above statement we first take the derivative
function with respect to pc|y. of ay, with respect to p|.

In the migration network model, the number of patients
who are not scheduled for an appointment and in the

daw, O (Pe = PO((=Pete + Dpu+ Pepete = Do+ k)ow + (=8(ph = Dpu + 8peph = 8 = ¥)ky = Yo )

pclu ((((=pcjc + Pelu) Pu + PePele — PePeju — 1oy =8 —y — 0)%8)

(62)

As shown with Eq. 62, if p, > p. the first-order  «,, is an increasing function of p|,. To show that e, is
derivative of «,, with respect to pe|c is positive since both convex with respect to p.|, we take its second derivative as
the numerator and denominator is positive. This means that ~ follows:

Py, 2000c = 2 ((=Petc + DPu + Pepete = Do+ 2)0y + (=8t = D+ 8peph =8 = ¥)ho = vo )

u

82pclu B ((((_pclc + pc\u)pu + PePelc — PePelu — Doy —8—y — 00)35)
(63)

As shown with Eq. 63, knowing that pcjc > peu,if p, > 6-Proof of Theorem 1 item e
Pe, the second-order derivative of oy, with respect to pe,
is a positive value which states that «,,, is a convex function  In the migration network model, the number of patients
with respect to p¢c. More specifically, the numerator is ~ who are not scheduled for an appointment and in the both
negative and the denominator is also negative hence the  controlled and uncontrolled health States (i.e., &y, and oy, )
overall calculation is a positive value. are not dependent on the service rate of office and virtual
appointments (i, and wy).
To show the above statement, we first take the derivative
of oy, with respect to u, and 1, as follows:

_ oo + (Pu + Peju(Pe — Pu))ow + (Pu+ Pr(Pe — Pu))8Ay + (00 + (Pu + Peju(Pe — Pu))ov + 812,

Oy, (64)
@+ vy + 0o+ 0y — PcPelcOv + PePeluGv + PelePuCv — PejuPudv))
0 0
awﬁ — awu =0 (65)
o iy
Similarly, the term o, and its first order derivative with
respect to i, and pu, can be defined as follows:
vy + A = pu = peje(pec — pu))ov + (1 = pu — pp(pe — pu))8lry + [y + (1 — pu — peje(Pe — pu))ovlro 66)
" @ +y+o,+oy— PcPe|cOv + PePeluCv + PelcPudv — pc\upuav))
0 0
Pow _ How (67)
o Iy
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Since the derivatives of both «,,. and «,,, with respect to
o and p, are equal to zero, they are not dependent on the
office and virtual service rates.

7-Proof of reformulation of the objective function

The original objective function of the unconstrained capac-
ity allocation model is:

T
Z / remin [x (), My] dt (68)
0

1
AM) = lim —
T—oo T Pyt

T T
- Z/o TikMkdt—Z/O Ji (xk(t)_Mk)+dt}

ke’ keK’

To simplify the objective function (68), we make some
changes:

min [x(t), Myl = xi(t) — [x(t) — My]™ (69)
My = x(t) — [x(t) — Mi]T + [Mg — x ()] (70)

Substitute Eqgs. 69 and 70 into objective function (68)
gives:

1 T
AM) = ) lim — { fo (re = m)xe (D)t

keK’

T
—/0 e [My — xi (O] dt

T
—/0 (fi +ric— i) [xe (1) — Mk]+dt} (71)

Due to ergodicity, let En, (xx), k € K’ be the expected
number of patients at node k under the steady-state
distribution ¢, k € X'. We have:

T
lim — xi()dt = Eg, (xp) = o (72)
T—oo T

T

lim % [My — x(O)]* d = Er (Mg — x0)*] (73)
0

T—o00

1T

lim —/ [xx (1) = M1t dt = Eq [k — M) ] (74)
T—-oo T Jo
Take Eqs. 72-74 into objective function (71), we get:

AM) = ) [k — m)ok — B [(My — x0) ]
keK’

—(fi +rk — nOEx [k — M) T]] (75)

@ Springer

In the Function (75), the first term is the marginal profit. The
second term is the opportunity cost for unutilized capacity.
The last term represents the cost due to patient overflow.

8-Proof of Proposition 1

Since the office and virtual processes are independent to
each other, to maximize the objective A(M), it suffices to
maximize the sub-objective Ax(My) separately.

Ar(My) = (ric — nok — miB [ (M — x1) 7]
—(fi + re—m0)Ex, [Ck— M) 1], Ve € K (76)

We note that (M — xx)t = max{M; — x;, 0} so
that the difference yields a positive value. Then, the term
B [(My — xi)*] can be defined as follows: nExr,

[(My —xi)T] = mk Z%';O(Mk —x0) T () A+ 2o
M — x) mea) = e YoMk — x0me(a) +
e Yo, Ok (xic) = i Yom o (M — xi) i (x) + 0. The
term (fi + rx — nk)Ex, [k — Mi)™ ] can be expressed in a
similar way as well.

Hence, the objective function Ay (Mj) can be defined as
follows:

Ar(Mp) = (i — nog — kB, [(My — x) ™ ]
—(fx + rxe — m)Ex [ (x — M), Yk € K(77)
My

= (e — e — e Y (Mi — X7 (xz)
xx=0

—(fire—m) Y (= M)m(x),

Xk=Mp

Vk e K (78)
Similarly, Ax (M + 1) is defined as follows:

Ar(Mi + 1) = (e — ok — kB, (M + 1 — x) ™

—(fe + e — MOEx, (ck — (M + 1) T, Vk e K (79)
Mi+1

= (rk — M) — Mk Z My 41 = xp) 70 (xk)

xr=0

—(fitre—m) Y Ok — (Mg + D)),
Xp=Mi+1

Vk € K’ (80)
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Then, the differential and the second-order differential of
function (76) are as follows:

SO _ g M+ 1) — Any) 81)
A(My)
My
[(Vk — M) — Nk Z (Mg — xi)mr (x)
xx=0

—(fi+r—m) Y (- Mk)ﬂk(Xk)]
xXr=Mj
My+1
—[(Vk — e —me Y (Mg + 1 — x)m(x)

xx=0

~kre=m0 Y (k= Mo+ Dmeo] - 82)

xp=Mi+1
My+1 My,
=1k Z (M 41— xp) 70 (xge) — Z (M — xp) 70k (X))
xx=0 x=0
—(fitr—m) | Y. (= (Mi+ D) m(x)
Xp=Mp+1
— Y Gk — M) (83)
Xp=Mjy
My o0
=—m Y ml) + (fitre—m) Y, mlx) (84)
xx=0 Xp=My+1
= —memk(xk < Mi) + (fie + 1 — mdme (e > Mi) - (85)
= fi +re —nk — (fe + ridme(xe < Mi) (86)
A% A (My)

A AA(Mi + 1) — AA(My)

= —(fr +r) [k < My + 1)
—mp(xp < Mp)] <0 (87)

It is clear that the objective function Ay (Mjy) is a discrete
concave function. Hence, to maximize A (M}), the optimal
threshold capacity of node k is the smallest positive integer
My, = M,Z””‘ that makes AA; (M) < 0, and we have

VYMy € [0, M"™), AAxMy > 0, then, Ay(My)

< Ap(MM™y (88)
VM € [MM", 00), AARMy <0, then, Ax(My)
< Ap(MP™) (89)

In one case that if AAk(M,Z"i") = 0, the optimal
threshold capacity can be M;"" or (M;"'" + 1), since
A(M"™) = Ap(M™" + 1). However, it has a small

probability that AAx (M ,’{"”‘) = 0 and even in that case,
MM is one of the optimal solutions. Hence, we conclude
that M;"'" is the optimal threshold capacity for node k that
maximize Ay (My).

S +re—n
Jie +rk

M]’:”"’zmin {Mk€N+ C (X < My) >

} (90)

From Function (90), we obtain M = (M;:”"’, Ms'if"f,

M;“;’:’), which is the optimal threshold capacity for the
A(M).

9-Proof of Proposition 2

When physicians do not have enough working time, the
solution is obtained through the Heuristic 2. Assume
through ¢! iteration, we obtain the solution from the heuris-
tic, and the solution is M, = My = (M,,", M, , M ).
Hence, M7, satisfies:

1
Y —M{<T, OD
keK'! ek

1 1
Z —M+—>T, YKek (92)
P Y

Now, if we relax the time constraint and let the heuristic
runs one more iteration, we have M. IT:'I = M7, + ey, where
ey is the x'" unit vector, and x = argmaxy A (ML).
Refer to [21], we have the following equations for
Heuristic 1:

AMEEY > AMEc) = A(Mrc) (93)
DM >TC= Y Mirez ) M (94)
keK’ ke’ keK’

and the following equations for Heuristic 2:

AMETY > AM3,) = A(M7,) (95)
1 1 1
S M STy 2 Y =M =Y — M (96)
k W= k, Ty = k
keK’ Mk keK’ Mk kel Mk

Inequality Egs. 93 and 94 show that the optimal average
long-run earnings and the threshold capacity are between
those under the sub-optimal solution M7¢ and the solution
M ;:E"l that we allow to run one more iteration, respectively.
Similarly, Inequality Eqs. 95 and 96 show that the optimal
average long-run earnings and the working time are between
those under the sub-optimal solution M7, and the solution
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MtT:l that we allow to run one more iteration. Then By
considering inequality (93), we have the following equation:
AMie) — AMre) < AMEE) — AMre) = A'(MY)
< max A'(M}) 97)
where x = argmaxy A’(M!,). Similarly, by considering
inequality (95), we have the following equation:
AM7,) — AMr,) < A(M’Tf) — A(M7,) = A'(My)
< max A/(Mli) 98)
where x = argmaxy A’ (M;,).

With inequality Eqs. 93 and 97, we can show that the

relative error by using the solution from Heuristic 1, M7,

. . . max A'(M!
as an approximation of M. is no greater than (M)

A(Mrc)
AM7c) — AMre)  AM7e) — AMrc)
A(M5() - A(Mrc)
maxy A'(M})
_ 99
A(Mrc) o9

Similarly, with inequality Eqgs. 95 and 98, we can show
that the relative error by using the solution from Heuristic 2,
Mr,,, as an approximation of M ;w is no greater than
max A' (M)

AM7,)
A(M}. ) — A(MT,) - A(M3, ) — A(M1,)
AM7T) - A(Mrt,)
A (M!
max A (M) (100)
A(Mr,)
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