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Abstract—Internet healthcare provides a new access way for
revisits through texts or videos, which can lighten the service load
on offline hospitals. In this study, we investigate the integrated
capacity allocation problem while incorporating multiple revisit
transitions between online and offline outpatient systems. The
heterogeneity of revisit patients in terms of their chronic condi-
tions and disease progression is also thoroughly considered. We
formulate the problem as a multistage stochastic mixed-integer
programming (SMIP) model. Dynamic decisions of matching
service capacities with stochastic demands for first visit and
multitype multiple revisits are made at each stage, which ensure
that each type of revisit is assigned appointment on the patient
preferred day as much as possible under meeting the interval
restrictions of two consecutive revisits. We reformulate the
model into an equivalent formulation that can be solved directly
and develop a decomposition-based adaptive capacity allocation
with revisit priority algorithm to solve the model. Numerical
results illustrate the superiority of our proposed approach in
terms of computation time and solution quality compared with
commercial solver. In addition, to aid practitioners in applying
the decision-making model more effectively, we also provide
managerial insights into key factors such as capacity and demand
patterns, revisit intervals, and cost coefficients. For instance, man-
agers can identify and implement the optimal capacity pattern
for a given demand pattern, as well as the best combinations of
demand and capacity patterns, to minimize operation costs.

Note to Practitioners—We develop a multi-stage stochastic
optimization model for allocating capacities to first visits and
multitype multiple revisits in integrated online-offline outpatient
systems. Practitioners should update the occupied capacity infor-
mation at the beginning of the decision period. At the end of the
decision period, they should run the optimization model to assign
this period realized demands. Stochastic demands in future peri-
ods, which have an impact on assignment decisions for realized
demands, are optimized simultaneously. Then, only assignment

This work was supported by the National Natural Science Foundation of
China under Grant Nos. 52275499 and 92467101, and by the AutoTwin project
EU GA No. 101092021 (https://www.auto-twin-project.eu/). The authors also
acknowledge the support of the China Scholarship Council Program (Grant
No. 202306230016) for providing the scholarship. In addition, we thank Prof.
Na Li for helpful discussions related to the topic of this study and acknowledge
the support of the National Natural Science Foundation of China (Grant No.
72171144) for the overall research direction. (Corresponding authors: Shi-
Chang Du, Andrea Matta).

Xiaoxiao Shen is with the School of Mechanical Engineering, Shanghai
Jiao Tong University, Shanghai 200240, China; the Department of Mechanical
Engineering, Politecnico di Milano, Milan 20156, Italy; and the School of
Mechanical and Electronic Engineering, Wuhan University of Technology,
Wuhan 430070, China. (e-mail: xiaoxiao.shen@polimi.it)

Jun Lv is with Faculty of Economics and Management, East China Normal
University, Shanghai 200241, China (e-mail: jlv@dbm.ecnu.edu.cn).

Shi-Chang Du is with the School of Mechanical Engineering, Shanghai Jiao
Tong University, Shanghai 200240, China (e-mail: lovbin@sjtu.edu.cn).

Andrea Matta is with the Department of Mechanical Engineering, Politec-
nico di Milano, Milan 20156, Italy (e-mail: andrea.matta@polimi.it).

decisions for realized demand are executed. The above procedures
are repeated for each decision period to generate rolling plans
with minimum operation costs. The proposed adaptive allocation
algorithm is easy-implemented. It can be adopted especially for
large-scale practical problems to obtain rather good solutions.

Index Terms—Multistage stochastic programming, capac-
ity allocation, multiple revisits, online and offline healthcare,
decomposition-based adaptive algorithm.

I. INTRODUCTION

IN recent years, Internet healthcare has developed rapidly
and has been accepted by increasing number of doctors and

patients. The advantages of Internet healthcare are prominent,
which can reduce the service burden of offline hospitals [1,2].
Long-term diseases such as high blood pressure, diabetes treat-
ment, cardiovascular disease, asthma, and Alzheimer’s disease
need a series of revisits for continuous treatment. Research
shows that Internet healthcare significantly affects chronic
patients in terms of quality-adjusted life years and adherence
to physician instructions [3]. Bavafa et al. [4] conducted an
empirical study on the impact of online appointments on revisit
intervals. However, the operational management challenges
remain unresolved in the practice of diverting revisit patients
to online services, which is crucial for fully leveraging the
advantages of online healthcare.

In one of Internet outpatient clinics we investigated, on-
line treatments are available in many departments, such as
oncology and internal medicine. The hospital managers are
faced with the issue of properly arranging a series of chronic
revisits to ensure continuity of care. The current practice of
capacity allocation is as follows: each department has multiple
doctors to choose from, and patients can make an appointment
for the following week. The doctor’s morning or afternoon is
reserved for online appointments. New available appointments
for the seventh day will be released at 4 pm every day,
and the available appointments for the first to sixth days
will be updated simultaneously. The allocation is based on
manual or experience, and hospitals often have the problem of
mismatching supply and demand between doctors and patients.
For example, sometimes the demand for online revisits is
insufficient, and it cannot be released to offline patients to
make appointments, resulting in a waste of service capacities.
Sometimes the arranged online appointments are insufficient
to meet the demand of online revisits in a timely manner.

The integrated online and offline outpatient system inves-
tigated in this paper have several crucial features. First, it is
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characterized by strong coupling correlations from both patient
flow and service resource perspectives. From the standpoint of
service resource, it cannot create new resources absolutely, but
share existing medical resources with online appointments to
a certain extent. On the other hand, patients in the system
require multiple long-term revisits and exhibit heterogeneity
in disease conditions and progression patterns. The demand
from a type of revisit patient has three natures: a fixed number
of appointments, revisit modality (i.e., online or offline), and
time interval. These classifications are developed based on a
combination of clinical practice guidelines and expert knowl-
edge from senior physicians and hospital administrators at our
collaborating hospital. Specifically, we consulted with special-
ists from departments such as cardiology, endocrinology, and
rehabilitation medicine. They explained that the condition of
chronic patients can change during the course of treatment.
Physicians respond to disease progression by adjusting both
the treatment approach and the revisit frequency. This serves
as the basis for us to identify representative revisit patterns that
align with standard protocols for chronic disease management
and revisit care. Multiple times return visits from online
services shift to offline, and multiple revisits from offline
services transfer to online. As a result, from the patient flow
perspective, online and offline patient flows creates strong
temporal and spatial coupling across planning periods and both
channels, and cannot be treated separately.

Second, patient demand arrives in a dynamic and uncertain
manner. Third, for chronic disease patients requiring multiple
revisits, the time interval between any two consecutive visits
must fall within a medically reasonable range, and the appoint-
ment time for each revisit is initially unknown and must be
determined through optimization. This renders the online and
offline outpatient integrated capacity allocation problem partic-
ularly challenging and motivated us to study it exhaustively. To
address the challenges discussed above, our research integrates
online appointments into offline appointments and determines
the appropriate plan for both new and multiple times returning
patients over a finite planning horizon. A multistage capacity
allocation model is developed to dynamically assign appoint-
ments for first visit and multiple revisits once the new demand
information is obtained. We propose a decomposition-based
adaptive capacity allocation with revisit priority (DB-ACARP)
algorithm that is computationally fast, even for large-scale
examples, to dynamically match appointment capacity and
patient demand.

The major contributions of this study are threefold. First, to
the best of our knowledge, this study is the first to investigate
the integrated capacity allocation of both online and offline
services for first-visit patients and multitype, multiple revisit
patients to ensure continuous chronic care. While the efficient
coordination of online and offline medical operations to bal-
ance healthcare demand and supply has received increasing
attention in practice, it remains largely unexplored in the
existing literature. Second, we develop a new multistage SMIP
model for the problem. The model is the first to optimize mul-
titype, multiple revisit loops under online and offline coupling
manner. Our model has several features that are uncommon in
earlier models, such as the considerations of future uncertain

demands at current decision stage, the online and offline ca-
pacity allocation decisions, the revisit time interval constraints,
and the preferred revisit day constraints. Third, this study
integrates a rolling-horizon re-optimization framework with a
Monte Carlo sampling-based, scenario-driven stochastic pro-
gramming model to approximate an exact multistage stochastic
program with a full scenario tree. This approach mimics
real-world online operations and provides a computationally
tractable solution method. It is widely adopted in large-scale
practical problems due to its feasibility and scalability, and it
typically yields improved performance. Then, we examine the
structure of the nonlinear optimization model and reformulate
it as an equivalent directly solved formulation. We also develop
the DB-ACARP algorithm for solving this formulation. The
algorithm innovatively introduces adaptive allocation opera-
tions, such as real-time tracking of allocated and unallocated
demand, full-capacity utilization-driven patient allocation, and
dynamic capacity updates. Numerical results indicate that in
dynamic “online” capacity allocation settings, the DB-ACARP
algorithm outperforms the commercial solver in both short-
term and long-term costs, delivering rather great solutions in
a short time. In addition, some insight findings are presented to
help practitioners better apply the decision-making model. For
example, when the patient’s condition gets better, practitioners
can adjust revisit interval or the allowable span of the revisit
interval to reduce operational costs. Besides, by analyzing the
combination effect of demand and capacity patterns, it has
been indicated that adopting an optimal combination of these
two patterns can minimize total operational costs.

The rest of this article is divided into the following sections.
In Section II, the pertinent literature is reviewed. The next
section describes the problem and establishes the optimization
model for the integrated allocation of capacity to first visits and
revisits from both online and offline channels. Section IV re-
formulates the model and proposes the DB-ACARP algorithm
to solve this reformulation. To evaluate the effectiveness of the
solution algorithm and the performance of the optimization
model, numerical experiments are conducted in Section V.
Finally, Section VI summarizes our major conclusions and
offers directions for future research.

II. LITERATURE REVIEW

Capacity allocation problem is typically addressed based
on decisions for different patient categories. Such decisions
often include determining how many patients of each type to
accept and how many patients of each type, with different
target dates, should be scheduled for booking on specific
days. Typically, the goal in this class of problems is to
minimize the overall cost or to maximize expected net profit.
A stream of papers has studied capacity allocation in the
application areas of diagnostic tests such as MRI or CT
scans [7,9–11], primary care clinics [12,15], coarse-grained
scheduling and resource allocation for operating rooms, anes-
thesiologists, and surgeries [6,8,13,16–18,20–22,24], inpatient
admission and room allocation problem [25–28] and therapy
planning [49]. Other research studies a general application
scenario for capacity allocation problems [29–31]. Note that
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the studies [17–18,20–22,24] in the field of surgery scheduling
can be categorized as generalized capacity allocation prob-
lems. Although these studies are based on individual patient-
level decisions, most of the scheduling decisions involved
are limited to the date level, such as determining on which
day a surgery should be performed, and the surgery start
times are assumed to be known (e.g., assigning a surgery to
a fixed block on a specific day). These types of problems
can be viewed as coarse-grained scheduling, also referred
to as multi-day scheduling in the literature. In other words,
in terms of modeling structure and decision focus, they can
be interpreted as generalized capacity allocation problems.
This perspective is valuable for our study, which addresses
the classical capacity allocation problem at the patient group
level, as it helps bridge the concepts between scheduling and
capacity allocation, thereby enabling a more unified modeling
framework. The aforementioned research mainly focuses on
the operation of offline hospitals, without accounting for
online medical services. And they classify patients based on
different priorities or wait time targets [7,10,30]. In addition,
the assignment of series revisits is not involved in their models.

For healthcare services of radiotherapy, physical therapy,
diabetes treatment, patients need repeated visits. Some works
have addressed the capacity planning problem for a reentry
system. Nguyen et al. [32] establish a mixed-integer program-
ming model for capacity planning with the goal of minimizing
the maximum required capacity, subject to constraints on
the patient appointment lead-times. For an outpatient system
with patient reentry, Nguyen et al. [33] further consider the
uncertainties of first visit and revisit demands to determine the
required number of physicians. To maximize long-run average
earnings, Yu and Bayram [34] plan the capacity required for
office and virtual appointments using a newsvendor model.
Few studies focus on capacity allocation for series patients
that need to be assigned at the time of admission. With the
assumption that the number of appointments is fixed and
known at the time of the initial appointment, Sauré et al. [35]
provide a dynamic model for assigning patients with multiple
radiation therapy appointments. Unlike Sauré et al. [35], Yu
et al. [36] schedule a series of appointments considering
random number of visits needed by a patient and a constant
inter-visit time. Ding et al. [53] analyze the optimal policy
that reserves capacity for potential revisit appointment right
after the customer’s previous visit. There is a growing body
of literature, including Khorasanian et al. [14], Biggs and
Perakis [19], and Heching et al. [23], that investigates routing
and scheduling problem at home care programs where the
patients involved typically require multiple visits. In [14], a
Markov decision process (MDP) model is developed for a
single nurse, assuming that both the number of referrals per
day and the number of visits for each referral are uncertain.
Biggs and Perakis [19] efficiently solve the online version of
this problem using approximate dynamic programming (ADP)
and machine learning techniques. Heching et al. [23] design an
exact logic-based Benders decomposition to solve the problem
with deterministic number of visits for each visit over a time
period. The number of revisits for each type of patient is
deterministic, consistent with [23] and our study, but differing

from [14]. Additionally, Gao et al. [59] and Li et al. [60]
investigated a team orienteering problem characterized by two
required visits per patient, aiming to maximize total profit.

The above review of related studies reveals several ar-
eas of unresolved research. Our work focuses on capacity
allocation with strong coupled online and offline multitype
multiple revisit loops. Due to the rapid development of Internet
healthcare over the years and the lack of systematic operation
management research that limits to revisit intervals decision-
making [5], online doctor-patient matching [52], single time
revisit [54], and single day appointment scheduling [55] etc.,
integrated online and offline healthcare operation management
is a new area of study. Second, while the current related studies
typically classified patients according to various priorities,
severity or wait time targets, such approaches could potentially
limit their practical applicability in certain contexts. Our model
characterizes patients by revisit frequency, the number of
revisits, and the revisit modality, reflecting their conditions and
progression patterns. Third, the model considers the practical
requirements of the time interval between two consecutive
revisits and patient preferred revisit day, which are important
factors related to service quality. We formulate the series
revisit assignment constraints that meet the requirements of
the reentry interval. Also, we model the restrictions of meeting
patient preferred reentry time as soft constraints to achieve a
balance between service quality of patient demand-side and
service cost of hospital supply-side.

The most common approach used in papers to formulate ca-
pacity allocation problems is MDP [7–10,15–16,29,31,35–39].
However, high-dimensional state and action spaces make exact
solution methods intractable. Different approaches are devel-
oped to tackle such a problem. Patrick et al. [7] resort to a
linear-programming-based ADP method. Liu et al. [8] apply
a simple yet innovative variable transformation to reveal the
monotonicity of the number of patients allowed in the system
with respect to the state variable and downstream capacity.
Zhou et al. [10] propose a modified Benders decomposition
algorithm to solve the multi-stage stochastic programming
reformulation. Yu et al. [36] and Astaraky and Patrick [16]
use the policy iteration algorithm to design a heuristic policy.
Parizi and Ghate [29] apply an ADP method to solve the MDP
formulation considering uncertainty in demand and budget.
Unlike the above studies, the structural properties of the finite-
horizon MDP model and optimal policy are established in Dai
et al. [15]. They also design two efficient heuristic policies
from the theoretical results.

Some papers apply mathematical programming approaches
to formulate capacity allocation problems in literature
[17,20–23,50–51]. Most of the literature uses sample average
approximation (SAA) [19,22]. Few papers develop distribu-
tional robust optimization [17,21], robust optimization [6,30],
and conditional value-at-risk constraints [13] to address the
uncertainties. Rath et al. [6] propose a data-driven robust
optimization approach for allocating anesthesiologists and
operating rooms, scheduling surgery sequences and start times,
and minimizing overtime in large multispecialty hospitals.
Sun et al. [13] adopt conditional value-at-risk constraints to
model uncertain demand in the investigated anesthesiologist
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scheduling problem. The SMIP models established in the
above reviewed studies mainly apply static decision-making
procedures that run the optimization model once in advance to
obtain the unchanging results for a given planning horizon. In
“online” allocation settings, where the parameter information
is updated in real-time, as shown in the literature [40–43], mul-
tistage dynamic decision-making is a more suitable approach.
Our model is effectively integrated into a rolling horizon
planning to react to new data from patient first visits and
multitype multiple revisits, where the planning can be rolling
optimized whenever new information is obtained.

Solving the multistage dynamic SMIP model that contains
all the scenario-based constraints is very time-consuming and
impractical. The solving burden of SMIP can be signifi-
cantly lessen if the problem is decomposed into a number
of scenario-based subproblems. Approaches based on scenario
decomposition are frequently used to solve SMIP models
[44–48]. Benders decomposition method [19] and column-
generation-based heuristic algorithm [21–22] are proposed to
solve the two-stage stochastic programming models. Adopting
the decomposition technique, we propose the DB-ACARP
algorithm for allocating capacities to offline and online first
visit and revisit patients. DB-ACARP delivers high-quality
solutions within an extremely short time, even for large-scale
problems with 2000 scenarios, achieving results in as little
as 60 seconds. Notably, it demonstrates significant advantages
in both short-term and long-term cost optimization, making it
highly valuable for practical applications.

III. STOCHASTIC OPTIMIZATION MODEL FOR
INTEGRATED CAPACITY ALLOCATION IN ONLINE AND

OFFLINE OUTPATIENT SERVICES

A. Problem Description

In this subsection, we describe the capacity allocation
problem in integrated offline and online outpatient system.
The system has a given capacity level. These capacities need
to be allocated to both online and offline clinics to serve
patients. We assume that all patients are appointment-based.
We assume patients adhere to prescribed revisit intervals once
assigned, without considering no-shows or cancellations. Some
patients are first-visit patients, meaning they are receiving
medical care at this hospital for the first time. Others are
revisit patients who have previously visited the hospital. First
visits are typically conducted offline due to the need for
necessary examinations. Revisit patients receive continuous
care according to a designated medical plan. They return to
the hospital at a certain interval for multiple revisits. Both
online and offline services can accommodate revisits. Revisit
patients with mild conditions may only require an online
consultation for prescription refills, whereas those with more
severe conditions need in-person visits. We assume that revisit
patients can be categorized into different types based on their
medical conditions and progression patterns, as reflected in
revisit frequency and mode of consultation. The more severe
the condition, the shorter the revisit interval, the higher the
revisit frequency, and the greater the tendency for offline
visits, and vice versa. For instance, a diabetic patient in stable

condition may require multiple consecutive online revisits with
longer intervals to prescribe medication. In contrast, a diabetic
patient who was previously well-controlled but has recently
experienced significant discomfort may need alternating online
and offline revisits to address disease progression. Addition-
ally, a newly diagnosed diabetic patient typically requires
frequent revisits, often involving multiple consecutive offline
appointments, and so on. The appointment demand for each
patient type is uncertain. For the appointment requests received
at each period, the scheduler must determine the number of
patients to accept for each type and allocate them to a specific
period. First visits and first revisits need meet maximum
waiting time targets (MWTTs), meaning their appointments
must be scheduled before a certain deadline. Patients have
preferred dates for each revisit based on their availability,
work, transport, or treatment cycles, with preferences collected
via online booking, telephone, or onsite registration, while
medical guidelines impose constraints on the time intervals
between consecutive revisits. Specifically, a revisit cannot be
scheduled earlier than a certain date after the previous one, nor
later than another specified date. Our objective is to generate
a rolling plan that minimizes the total cost, including patient
rejection costs, overtime and idle capacity costs, and penalty
costs related to deviations from patients’ preferred dates. The
patient flows involving multiple revisit loops in the problem
are illustrated as Fig. 1.

B. Problem Formulation
Before formulating the problem, we summarize the model’s

notations in Table I. The arrival horizon is defined as the first
N days, and is indexed by n ∈ N = {1, . . . , N}. The terms
“period” and “day” are used interchangeably in this study.
Stochastic first visits and revisits come to request appointments
on future days in each period n of the horizon. We need to
allocate a certain number of first and revisit appointments to
a specific time period over an L-day booking window. There
are I types of revisits indexed by i ∈ I = {1, . . . , I} with
different number of revisits, revisit intervals, and revisit mode.
Let set Ki = {1, . . . ,Ki} denote the number of appointments
needed by different types of revisit patients. Whether type i ∈
I revisit kth appointment needs to be set offline (online) is
indicated by binary parameter αik(βik), which equals one if
yes and zero otherwise. The medically required revisit interval
depends on the next revisit status and is restricted within [ao,
ao]([ae, ae]), where ao(ae) and ao(ae) are the allowances for
earliness and lateness in the offline (online) revisit interval. Let
ct represent the total capacities available on day t. rt decides
the proportion of assigned offline capacity on day t. b1, b2,
and b3 represent the fixed-length service times of an offline
first visit, an offline revisit, and an online revisit, respectively.
If regular capacity is insufficient or surplus, the resources are
not used efficiently, incurring an overtime or idle cost. Let cob
and ceb denote unit overtime or idle cost on offline and online
service capacities, respectively. In addition, the preferred visit
time of type i ∈ I revisit patient kth appointment is τik. The
cost of a revisit not being assigned on τik is considered and
denoted as cwi . This delay or early cost provides an incentive
to arrange the patient on τik as much as possible.
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Fig. 1: The patient flows in the problem

TABLE I: Model Notation

Indexes and Sets Description
n ∈ N = {0, . . . , N} Set of periods within a planning horizon of N days, indexed by n
l ∈ L = {1, . . . , L} Set of periods within a booking horizon of L days, indexed by l
i ∈ I = {1, . . . , I} Set of revisit patient types, indexed by i
ki ∈ Ki = {1, . . . , Ki} Set of the number of appointments needed by type i ∈ I revisit patient, indexed by ki

s ∈ S = {1, . . . , S} Set of scenarios, indexed by s
Parameters Description
F0, R

k
i0 The number of first visit patients and type i ∈ I revisit patient’ kth appointment that need to be assigned at current decision point

fs
n, r

ks
in The number of first visit patients and type i ∈ I revisit patient’ kth appointment that arrive on day n ∈ N\{0} in scenario s

W1,W2 MWTTs of revisit patient first appointment and first visit patient
M A large number
τik The patient-preferred visit day of type i ∈ I revisit patient kth appointment
ao(ae), ao(ae) Minimum and maximum time interval if revisit patients access care offline (online)
ct Regular total service capacities on day t
αik(βik) The offline (online) care access status of type i ∈ I revisit patient kth appointment
vik(v̄ik) Minimum(maximum) time interval of type i ∈ I revisit patient kth appointment, which equals to αika

o + βika
e(αika

o + βika
e)

b1, b2, b3 Fixed service length of an offline first visit, offline revisit and online revisit
cwi One day delay or early cost of assigning a type i revisit patient
cob , c

a
b Unit overtime and idle cost

crd(cd) Rejection or diverting cost per revisit (first visit) patient
ps Probability of scenario s
γ Discount factor
Decision variables Description

ut, xt
ik

Integer variables, the number of first visit patients and type-i revisit patients’ kth appointment that arrive at current decision point
and are assigned on day t

yts
n , zts

ikn
Integer variables, the number of first visit patients and type-i revisit patients’ kth appointment that arrive on day n ∈ N\{0} and
are assigned on day t in scenario s

ar
i0, a0, a

rs
in, and as

n
Continuous variables, the unmet patient demand at current decision point and on day n ∈ N\{0} in scenario s. The demand includes
first visit patients and type-i revisit patients, where r denotes revisit patients.

rt Continuous variables, the proportion of assigned offline capacity on day t
oot (oet ) , a

o
t (ae

t ) Continuous variables, the offline(online) overtime or idle time on day t
oost (oest ), aos

t (aes
t ) Continuous variables, the offline(online) overtime or idle time on day t in scenario s

θt
ik, h

ts
ikn Binary variables, auxiliary variables

To obtain dynamic capacity allocation decisions, we for-
mulate the problem as a multistage SMIP model. A series
of random demands ((f0, rki0), (f1, rki1), . . . , (fN , rkiN )) are
progressively indicated over the course of N stages in the
multistage programming. To accommodate to this process, at
each stage, once the stochastic demands are revealed, decisions
regarding patient scheduling are made. Random parameters
are realized by gradual observation. The scenarios set S is
considered, including countable number of realizations S of
random parameters. Let (fs

n, rksin ) represent the first visit and
revisit demands under scenario s arriving on day n ∈ N ,
which takes place with a probability ps. The number of
first visit and type i revisit arriving on day n ∈ N is
characterized by two different random variables that follow
different Poisson distributions with unequal expectation. We
assume that decision points correspond to the end of the

day since patients arrive for their appointments throughout
the day, and their status is not fully known until that time.
At the decision point, the stochastic demands (fs

0 , rksi0 ) are
observed to obtain deterministic values (F0, Rk

i0) without
scenario index s. It is also possible to observe the capacity plan
prior to the decision point, including details on the number of
online and offline capacities already allocated to first visit and
revisit appointments on day t (t = 1, . . . , L − 1). Then, the
available online and offline capacities on day t is updated.
The optimization decisions of capacity allocation are made
at current decision point over an L-day booking window by
determining the number of first visit patients and type-i revisit
patient’s kth appointments that arrive on day n ∈ N and are
assigned on day t under scenario s. We denote these decision
variables by ytsn and ztsikn. The first revisit and the first visit
patient must be given on t ∈ n+ 1, n+ 2, . . . , n+W1 and
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Fig. 2: The timeline of planning, current booking horizon and allocation windows. In this example, triangles indicate first visits,
and diamonds indicate revisits. Demands generated in period 0–1 must be allocated. The first revisit can only be assigned to
periods 1–4; if allocated to periods 1–2, the second revisit is restricted to periods 5–8. First visits can be scheduled in periods
1–8.

Fig. 3: A small illustrative case for allocating the current realized demand: 6 first visits (Triangle), 5 Type 1 revisits (Circle)
with 6 loops, 8 Type 2 revisits (Diamond) with 6 loops, and 1 Type 3 revisit (Square) with 8 loops. Blue indicates offline
visits, and green indicates online revisits. The notation V[k]P[n] denotes that n patients are allocated for the kth revisit. Shape
size reflects the number of patients allocated.

day t ∈ n+ 1, n+ 2, . . . , n+W 2, respectively, where W1

and W2 are their appointment maximum wait time targets
(MWTTs). To account for the maximum appointment lead-
time permitted for the last revisit in various types of revisits,
we must set L to be significantly long. Fig. 2 is the visual-
ization of the timeline of planning, current booking horizon
and allocation windows. Fig. 3 visualizes the allocation plans
for the current realized demand in a small illustrative case.
The schedule generated for next day is put into action. The
random demands (fs

1 , rksi1 ) are observed at next stage, and the
information of available capacities is updated before applying
the model for making decisions at next stage. This procedure
is repeated for the remaining decision optimization stages. The
event sequence throughout the decision process is illustrated
in Fig. 4.

For the first visits and revisits capacity allocation problem
in the integrated online and offline healthcare system, we now
present a multistage stochastic mixed-integer formulation. The
model is used to optimize capacity allocation decisions for the
next L days at the specific decision point d ∈ D = {0, . . . , D}.

The immediate cost (incurred by patient demands that arrive
at current decision point, and by the first period) and the
future cost (incurred by patient demands that arrive on day
n ∈ N\{0}, and by period t ∈ L\{1}) both consist of three
types of costs:

(1) Penalty cost for revisits cannot be assigned appointments
on their preferred visit day.

Immediate cost:
TCw0 =

∑
i∈I,k∈K\{1}

∑L
t=1 c

w
i |t− τik|xt

ik

Future cost:
TCs

w =
∑N

n=1

∑
i∈I,k∈K\{1}

∑L
t=1 γ

ncwi |t− τik| ztsikn
(2) Rejection or diverting cost for revisits and first visits.
Immediate cost:
TCd0 =

∑
i∈I crda

r
i0 + cda0

Future cost:
TCs

d =
∑N

n=1

∑
i∈I γncrda

rs
in + cda

s
n

(3) Overtime and idle cost for online and offline services.
Immediate cost:
TC1

oa = cob(o
o
1 + oe1 ) + cab (a

o
1 + a

e
1)

Future cost:
TCs

oa =
∑L

t=2 γ
t−1(c

o
b(o

os
t + oest ) + cab ( a

os
t + a

es
t ))
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Fig. 4: The event sequence throughout the decision process.

The objective function (1a) is designed to minimize the
overall expected costs for violating the patient preferred revisit
day, rejecting or transferring patients, capacity overtime, and
capacity idle time. Constraints (1b)–(1e) state that each admit-
ted revisit and first visit patient is assigned an appointment at
a period. It is noted that the model does not strictly require
all patient demands to be fulfilled. Instead, a certain level of
unmet demand is permitted. Specifically, the first equation
in constraints (1b) ensures that the first revisit of accepted,
realized type i revisit patient is assigned an appointment
within a period before their MWTTs. The second equation
in constraints (1b) guarantees that the subsequent revisits of
these patients are allocated within the designated booking
horizon. Constraints (1c) enforce that accepted, realized first-
visit patients receive appointments before their MWTTs. The
formulation logic of constraints (1d) to (1e) is consistent
with that of (1b) and (1c), but these constraints address the
allocation of stochastic demand arriving in future periods
n ∈ N \ {0}. As new demand arrives over time, the book-
ing horizon dynamically shifts forward to accommodate it.
Constraints (1f)–(1i) stipulate that the assignment days of
two adjacent revisits meet the revisit interval requirements.
Here, 1(condition) is defined as an indicator function, which
equals 1 if the condition is true, and 0 otherwise. Specifically,
constraints (1f) and (1g) ensure that if the (k-1)th revisit of a
realized type i revisit patient is assigned to period t, then the
kth revisit must be assigned within the interval from period
t+ vik to t+ v̄ik. In other words, any assignment of the kth
revisit outside this specified interval, whether before or after
period t, is strictly prohibited and set to zero. The formulation
logic of constraints (1h) and (1i) follows the same structure
as that of (1f) and (1g), but these constraints are designed
for allocating stochastic demand arriving in future periods
n ∈ N \ {0}. Constraints (1j)–(1q) calculate the amount of
offline and online overtime and idle time. Constraints (1r)–(1t)
define the range of decision variables.

IV. SOLUTION APPROACH

In this section, we first transform the model into a formu-
lation that can be solved directly by a commercial solver.
Specifically, introducing the auxiliary variables to linearize
the objective function with absolute value and the constraints
with indicator functions. Then, since large-scale stochastic
problems with many scenarios are difficult to solve by com-

mercial solvers, a DB-ACARP algorithm is proposed to obtain
solutions to large scale stochastic problems.

A. Reformulation of the Proposed Model

The proposed model in Section III includes absolute val-
ues in the objective function and indicator functions with
continuous variables in the constraints, which makes the
model impossible to be solved directly. First, we linearize the
objective function with absolute values. We define auxiliary
variables dtik, dnts

ikn. The following constraints are added to
the original model:

dtik ≥ (t− τik)x
t
ik, ∀i ∈ I, k ∈ K\{1}, t ∈ L, (4a)

dtik ≥ −(t− τik)x
t
ik, ∀i ∈ I, k ∈ K\{1}, t ∈ L, (4b)

dnts
ikn ≥ (t− τik)z

ts
ikn, ∀i ∈ I, k ∈ K\{1}, n ∈ N\{0},

t ∈ T , s ∈ S, (4c)

dnts
ikn ≥ −(t− τik)z

ts
ikn, ∀i ∈ I, k ∈ K\{1}, n ∈ N\{0},

t ∈ T , s ∈ S (4d)

After replacing the absolute value term with new auxiliary
variables, TCw0, TCs

w in the objective function is then
reformulated as follows:

TCw0 =
∑
i∈I

∑
k∈K\{1}

L∑
t=1

cwi d
t
ikx

t
ik

TCs
w =

N∑
n=1

∑
i∈I,k∈K\{1}

L∑
t=1

γncwi dn
ts
iknz

ts
ikn

After that, we reformulate the constraints with the indicator
functions. Since the judgment condition of the indicator func-
tion in constraints (1f)–(1i) is not binary, it cannot be solved
directly by commercial solvers. Auxiliary binary variables θtik,
hts
ikn, are introduced. Then, we use these variables to formulate

the following constraints (4e)–(4j). Constraints (4e)–(4f) are
equivalent to the constraints (1f) in the original model. Let
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min TCw0 + TCd0 + TC1
oa +

∑
s∈S

ps(TCs
w + TCs

d + TCs
oa) (1a)

s.t.
∑W1

t=1
xt
i1 + ari0 = R1

i0,
∑L

t=1
xt
ik + ari0 = Rk

i0, ∀i ∈ I, k ∈ Ki\{1} (1b)∑W2

t=1
ut + a0 = F0, ut = 0, ∀ t = W2 + 1, ..., L (1c)∑n+W1

t=n+1
ztsi1n + arsin = r1sin,

∑n

t=1
ztsi1n = 0,∑n+L

t=n+1
ztsikn + arsin = rksin ,

∑n

t=1
ztsikn = 0 ∀i ∈ I, k ∈ Ki\{1}, n ∈ N\{0}, s ∈ S (1d)∑n+W2

t=n+1
ytsn + asn = fs

n,
∑n+L

t=n+1
ytsn + asn = fs

n, ∀n ∈ N\{0}, s ∈ S (1e)

xt+m
ik −M

[
1− 1

(
xt
i,k−1 > 0

)]
≤ 0, ∀i ∈ I, k ∈ Ki\{1}, t = 1, . . . , L− v̄ik,

1 ≤ m < vik, v̄ik < m ≤ L− t (1f)

xt−m
ik −M

[
1− 1

(
xt
i,k−1 > 0

)]
≤ 0, ∀i ∈ I, k ∈ Ki\{1}, t = 1, . . . , L− v̄ik,

0 ≤ m ≤ t− 1 (1g)

z
(t+m)s
ikn −M

[
1− 1

(
ztsi,k−1,n > 0

)]
≤ 0, ∀i ∈ I, k ∈ Ki\{1}, n ∈ N\{0}, t = n+ 1, . . . , n

+ L− vik, s ∈ S, 1 ≤ m < vik, v̄ik < m ≤ L− t
(1h)

z
(t−m)s
ikn −M

[
1− 1

(
ztsi,k−1,n > 0

)]
≤ 0, ∀i ∈ I, k ∈ Ki\{1}, n ∈ N\{0}, t = n+ 1, . . . ,

n+ L− v̄ik, s ∈ S, 0 ≤ m ≤ t− 1 (1i)

oot ≥ b1ut +
∑

i∈I

∑
k∈K

αikb2x
t
ik − rtct, t = 1 (1j)

oost ≥ b1ut +
∑

i∈I

∑
k∈K

αikb2x
t
ik+∑

n∈N\{0}

∑
k∈K

∑
i∈I

b1y
ts
n + αikb2z

ts
ikn − rtct, ∀ t = 1, . . . , L, s ∈ S (1k)

aot ≥ rtct − b1ut −
∑

i∈I

∑
k∈K

αikb2x
t
ik, t = 1 (1l)

aost ≥ rtct − b1ut −
∑

i∈I

∑
k∈K

αikb2x
t
ik−∑

n∈N\{0}

∑
k∈K

∑
i∈I

(
b1y

ts
n + αikb2z

ts
ikn

)
, ∀ t = 1, . . . , L, s ∈ S (1m)

oet ≥
∑

i∈I

∑
k∈K

βikb3x
t
ik − (1− rt)ct, t = 1 (1n)

oest ≥
∑
i∈I

∑
k∈K

βikb3x
t
ik +

∑
i∈I

∑
n∈N\{0}

∑
k∈K

βikb3z
ts
ikn − (1− rt)ct, ∀ t = 1, . . . , L, s ∈ S (1o)

aet ≥ (1− rt)ct −
∑

i∈I

∑
k∈K

βikb3x
t
ik, t = 1 (1p)

aest ≥ (1− rt)ct −
∑
i∈I

∑
k∈K

βikb3x
t
ik −

∑
i∈I

∑
n∈N\{0}

∑
k∈K

βikb3z
ts
ikn, ∀ t = 1, . . . , L, s ∈ S (1q)

ut, x
t
ik, y

ts
n , ztsikn, o

o
t , a

o
t , o

e
t , a

e
t , o

os
t , aost , oest , aest ≥ 0, ∀i ∈ I, k ∈ Ki, n ∈ N\{0}, t = n+ 1, . . . ,

n+ L, s ∈ S (1r)
ut, x

t
ik, y

ts
n , ztsikn integer, ∀i ∈ I, k ∈ Ki, n ∈ N\{0}, t = n+ 1, . . . ,

n+ L, s ∈ S (1s)

θtik, h
ts
ikn, ∈ {0, 1} , 0 ≤ rt ≤ 1, ari0 −R1

i0 ≤ −1,
arsin − r1sin ≤ −1, ari0, a0, arsin, asn ≥ 0 ∀i ∈ I, k ∈ Ki, n ∈ N\{0}, t = n+ 1, . . . ,

n+ L, s ∈ S (1t)
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θti,k−1 == 1
(
xt
i,k−1 > 0

)
, which means if xt

i,k−1 > 0, then
θti,k−1 = 1. Its inverse negative proposition is if θti,k−1 = 0,
then xt

i,k−1 ≤ 0, which can be formulated by the large
M constraints (4f). Constraints (4e)–(4f) act as follows: if
xt
i,k−1 > 0, that is, when there is a certain number of

the (k-1)th appointment for type i revisit patients assigned
to day t, then kth appointment for type i revisit patients
cannot be assigned to day t + m. That is, the number of
revisit patients assigned to those days that do not meet the
requirement of revisit intervals is 0. Constraints (1g) can be
equivalently reduced to the constraints (4f)–(4g) in a similar
manner, which guarantees that kth revisit cannot be assigned
before (k-1)th revisit. Likewise, constraints (4h)–(4j) ensure
that two consecutive revisits for type-i revisit patients that
generate on day n ∈ N\{0} under scenario s are assigned
to the two days to satisfy the revisit interval. Finally, con-
straints (1f)–(1i) are reformulated as the equivalent constraints
(4e)–(4j). The big-M parameters in (4e)–(4j) take the same
value because the same linearization structure is used. They
are chosen large enough to ensure correct linearization without
unnecessary relaxation. This is feasible because the patient
demand allocation decisions are tightly bounded by constraints
(1b)–(1e) and (1r)–(1t).

xt+m
i,k −M

(
1− θti,k−1

)
≤ 0,∀i ∈ I, k ∈ K\{1},

t = 1, . . . , L− v̄ik, 1 ≤ m < v ik, v̄ik < m ≤ L− t (4e)

xt
i,k−1 −Mθti,k−1 ≤ 0,∀i ∈ I, k ∈ K\{1}, t ∈ L (4f)

xt−m
i,k −M(1− θti,k−1) ≤ 0,∀i ∈ I, k ∈ K\{1},

t = 1, . . . , L− v̄ik, 0 ≤ m ≤ t− 1 (4g)

z
(t+m)s
i,k,n −M(1− hts

i,k−1,n) ≤ 0, ∀i ∈ I, k ∈ K\{1},
n ∈ N\{0}, t = n+ 1, . . . , n+ L− v̄ik, s ∈ S,
1 ≤ m < v ik, v̄ik < m ≤ N + L− t (4h)

ztsi,k−1,n −Mhts
i,k−1,n ≤ 0,∀i ∈ I, k ∈ K\{1},

n ∈ N\{0}, t = n+ 1, . . . , n+ L, s ∈ S (4i)

z
(t−m)s
i,k,n −M

(
1− hts

i,k−1,n

)
≤ 0, ∀i ∈ I, k ∈ K\{1},

n ∈ N\{0}, t = n+ 1, . . . , n+ L− v̄ik,

s ∈ S, 0 ≤ m ≤ t− 1 (4j)

B. DB-ACARP Algorithm

Since the model contains general integer variables, the
problem is a stochastic non-convex programming. As the size
of the problem increases, especially the number of scenarios,
the number of variables and constraints increases. In our initial
attempts, a general-purpose optimization solver Gurobi was

implemented, but it was observed that the computation speed
was rather slow in the SMIP, even for instances with five
scenarios. As the sample size grows, one would anticipate
an increase in the computational burden and solution time
required to solve the model. Our model test instances can
involve up to tens of millions of variables and constraints,
making it an extremely large-scale problem. Using “throwing
a model into a solver” approach is infeasible under an online
resource allocation setting, as it fails to provide a feasible
solution within the required time. To address this challenge,
we propose a decomposition-based adaptive capacity alloca-
tion with revisit priority algorithm. The decomposition of
the original stochastic mixed-integer programming model is
implemented in two key ways. First, it separates the assigning
of current realized demand from future stochastic demand,
prioritizing the current-stage demand. Second, it decomposes
the future demand assignment problem into scenario-based
subproblems. The adaptiveness of the allocation lies in real-
time tracking of allocated and unallocated demand, full-
capacity utilization driven patient allocation, and dynamically
updating capacity during the process. For decision period d,
the algorithm framework is illustrated in the Fig. 5. In the DB-
ACARP algorithm, we propose a revisit priority rule to ensure
continuous care for revisits. This design choice is grounded in
both clinical and operational considerations. As emphasized in
the guidelines [56-57], timely revisits are essential for chronic
disease management to ensure treatment adherence, monitor
disease progression, and adjust treatment plans. Furthermore,
operational policies in several hospitals, such as those outlined
in [58], prioritize revisits to prevent treatment interruptions and
maintain patient retention. This includes adaptive allocation
heuristics for both first revisits (H1) and non-first revisits
(H2), aiming to maximize service capacity utilization and
fulfill the expected service time window as much as possible.
Finally, execute the adaptive allocation heuristics for first visits
(H3). For the realized demand in the current period and the
stochastic demand in future periods, sequentially execute H1,
H2, and H3. Repeat this process until the current decision
stage shifts to the final predetermined decision period D.

(1) Adaptive Allocation Heuristic for First Revisit
This heuristic takes the initial service capacity as input and

aims to assign as many first revisits as possible while adhering
to capacity constraints and MWTTs. The output includes the
number of each type of revisit patients accepted by the hospital
and their corresponding plans. By iterating over each period,
it allocates revisits and adjusts the available capacity to ensure
efficient utilization of resources. Starting from period t = 1,
calculate the number of first revisits currently already assigned
and unassigned in real time. If there are still unmet first revisit
demands and available capacity in the current period, set xk

i,1

to the smaller of the following two values: the maximum
number of first revisits that can be served by the available
capacity in the current period and the remaining unmet first
revisit demands. Repeat this process until all the first revisits
are allocated. Then update the available capacity for each
period. This heuristic is denoted as H1.

(2) Adaptive Allocation Heuristic for Non-First Revisits
This heuristic takes the first revisit assignment results and
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Fig. 5: Framework of the proposed DB-ACARP algorithm

Algorithm 1 Adaptive Allocation Heuristic for First Revisit

1: Input: Initial service capacity.
2: Output: The number of each type of revisit patients

accepted by the hospital and their corresponding plans.
3: Cava ← c
4: for m = 1, . . . ,W1, do
5: temp←

∑W1

t=1 x
t
i,1

6: R1 ← R1
i0 − temp

7: if temp ≥ R1
i0 then

8: xm
i,1 ← 0

9: else if 0 < Cm
ava ≤ cm then

10: xm
i,1 ← min(⌊Cm

ava/(αikb2 + βikb3)⌋ , R1)
11: end if
12: end if
13: end for
14: for t = 1, . . . ,W1, do
15: Ct

ava ← Ct
ava − xt

i,1(αi1b2 + βi1b3)
16: end for

the updated available capacity as input, aiming to assign
non-first revisits while considering capacity constraints and
expected service time windows. It identifies and records the
specific day(s) for the k-th revisit and then assigns the next

(k+1)-th revisit. The (k+1)-th revisit is prioritized within the
patient’s preferred period whenever possible. The assigned
revisit count at this stage is stored in the completed as-
signment list, and the allocated and unallocated demands
are dynamically updated. If the available capacity in the
patient’s preferred period is exhausted and there are remaining
unallocated (k+1)-th revisit demands, the expected service
time window for the (k+1)-th revisit is calculated. If there is
available capacity in a certain period within the time window
(excluding the patient’s preferred day), the total number of
patients that can be accommodated is determined, rounded
down to an integer value. Take the smaller value between this
and the unmet demand as the number of patients assigned for
that period. The allocated (k+1)-th revisit count for that period
is then recorded in the completed assignment list, and the
demand status is updated in real time. If no available capacity
exists within the entire time window (excluding the preferred
day) and there are still unassigned (k+1)-th revisit demands,
these demands are reassigned to the patient’s preferred period.
Repeat this process until all the non-first revisits are allocated.
This heuristic is denoted as H2.

(3) Adaptive Allocation Heuristic for First Visits

This heuristic takes the updated available capacity after the
revisit assignment results as input, aiming to assign first visits
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Algorithm 2 Adaptive Allocation Heuristic for Non-First
Revisits

1: Input: First revisit assignment results and the updated
available capacity.

2: Output: Non-first revisits allocation plans.
3: for k = 1, . . . , K − 1, do
4: for t = 1, . . . , L, do
5: if xt

ik > 0 then
6: rdk ← t
7: ComSch ← ∅
8: num← 0
9: pre← τi,k+1

10: if 0 < Cpre
ava ≤ cpre then

11:
num←min(⌊Cpre

ava/(αi,k+1b2+

βi,k+1b3), x
t
ik)

12: Add num to ComSch
13: xpre

i,k+1 ← xpre
i,k+1 + num

14: Cpre
ava ← Cpre

ava−num(αi,k+1b2 +βi,k+1b3)
15: end if
16: a ← rdk + v i,k+1

17: b← rdk + v̄i,k+1

18: for j = a, . . . , b, do
19: temp←sum (ComSch)
20: rs← xt

ik − temp
21: if temp > xt

ik and j ̸= pre then
22: num′ ← 0
23: xj

i,k+1 ← xj
i,k+1 + num′

24: end if

25:
if temp < xt

ik and 0 < Cj
ava ≤ cj and

j ̸= pre then

26:
num′ ←min(

⌊
Cj

ava/(αi,k+1b2+

βi,k+1b3), rs)
27: Add num′ to ComSch
28: xj

i,k+1 ← xj
i,k+1 + num′

29:
Cj

ava ←Cj
ava − num′(αi,k+1b2+

βi,k+1b3)
30: end if
31: end for
32: temp′ ← sum (ComSch)
33: if temp′ < xt

ik then
34: rs′ ← xt

ik − temp′

35: xpre
i,k+1 ← xpre

i,k+1 + rs′

36: Cpre
ava ← Cpre

ava − rs′(αi,k+1b2 + βi,k+1b3)
37: end if
38: end if
39: end for
40: end for

as much as possible under capacity constraints and expected
service time windows. It continuously tracks the allocated and
unallocated demand in real time. If capacity is available on
a given day, it calculates the maximum number of patients
that can be served based on the available capacity and rounds
down the value. The smaller value between this number and
the number of first visits that remain to be allocated is taken
as the number of patients assigned to that day. Continue in
this manner until all first visits have been assigned. Finally,
update the available capacity for each period accordingly. This
heuristic is hereafter referred to as H3.

Algorithm 3 Adaptive Allocation Heuristic for First Visits

1: Input: The updated available capacity after the revisit
assignment results.

2: Output: First visits assignment plans.
3: for m = 1, . . . ,W2, do
4: temp←

∑W2

t=1 ut

5: F1 ← F0 − temp
6: if temp ≥ F0 then
7: um ← 0
8: else if 0 < Cm

ava ≤ cm then
9: um ← min(⌊Cm

ava/b1⌋ , F1)
10: end if
11: end if
12: end for
13: for t = 1, . . . ,W2, do
14: Ct

ava ← Ct
ava − utb1)

15: end for

(4) Solve Sub-problems
Taking the updated available capacity after assigning the

realized demand of the current period as input, this heuristic
aims to assign the stochastic first revisits, non-first revisits,
and the first visits that arrive on day n ∈ N\{0}. For each
scenario-based subproblem, conducting the same algorithm
logic as H1, H2 and H3, respectively, except changing the start
date to n+1. And the available capacities are dynamically up-
dated accordingly. Finally, compute the expected performance
across all scenarios as the solution to the original problem.

V. NUMERICAL STUDIES

In this section, numerical studies are implemented to eval-
uate how well the proposed DB-ACARP and optimization
models perform. In the following part, we first explain the
experiment settings of the testing instances. Then, experiments
are designed and conducted to verify the performance of DB-
ACARP by comparing it with Gurobi. Next, the effectiveness
of the suggested multi-stage stochastic optimization model is
then verified by comparison with alternative model. Finally, we
implement sensitive analysis and discuss the numerical results
to provide some managerial insights.

A. Data Settings

Based on operational data extracted from an online and
offline medical service provider in Shanghai, we create test
instances. From the data analysis results, revisit patients can
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generally be categorized into three types. The first category
involves continuous online revisits for medication prescrip-
tions, the second requires alternating offline and online revisits
(one offline followed by one online), and the third consists
of continuous offline revisits with examinations. This setting
allowed us to examine regularities in capacity allocation across
online and offline services and different revisit patient types.
Our model can easily accommodate more than these three
revisit types by expanding the type set parameter without
altering the core algorithm, and the allocation results can
approximate more diverse chronic revisit systems when most
patients follow these three disease progression patterns. The
service capacity and cost units mentioned below are denoted
as “pu” and “mu” respectively. We generate our instances by
setting the length of booking horizon L to be 35 days and
fixing the planning horizon to be 5 days, N = {0, . . . , 4}.
Since the size of a full multistage scenario tree grows expo-
nentially, the model is practically intractable due to the curse
of dimensionality. We use a rolling-horizon approximation of
a multistage stochastic program, where the future uncertainty
is represented by Monte-Carlo scenario sampling rather than
an explicit scenario tree. This provides a computationally
tractable approximation while preserving the non-anticipativity
and multistage information structure. Specifically, we generate
the demand of first visit patients fs

n for all periods n ∈ N\{0}
and scenarios s ∈ S from a Poisson distribution with rate λf

= 12.49. The first-time revisit demand r1sin is generated from
Poisson distributions with rates λri = 19.03, 25.8, 7.56 for i
= 1, 2, 3. Subsequent revisit demand rksin , k = 2, ...,Ki, is set
equal to r1sin across all periods and scenarios. All generated
values are rounded to the nearest integers, and a minimum
demand of 1 is enforced. For each period from period 1
to N − 1, we generate S random demand scenarios, each
occurring with equal probability 1/S. Across these N − 1
future periods, the scenarios form S scenario paths spanning
from stage 0 to stage N − 1.

The first appointment of the revisit patient MWTTs is
W1= 3 and the first visit patient MWTT is W2= 8. The
allowance span of offline (online) revisit interval is set to be
[ao, ao] = [2, 4] ([ae, ae] = [4, 6]). The three types of
revisits occur 6, 6, and 8 times, respectively. The preferred
day is generated for each visit of each patient category using
calibrated probabilities. According to the operational data, the
mean service time of an offline first visit, offline revisit, and
online revisit is 40, 30, and 20. We set the regular daily
capacity ct to 1440. Through discussions and interactions with
hospital managers, we learned that the hospital prioritized
overtime over idle time, assigning it twice the weight. Revisit
patients were emphasized to ensure continuity of care, with the
weight ratio of revisit to first-visit transfers set at 2:1.5. Patient
preference was assigned a weight of 1, as the hospital priori-
tizes improving overall service accessibility before addressing
individual patient preferences. Therefore, unit overtime cost,
idle cost, rejection or diverting cost per revisit, per first visit,
and delay or early cost of revisit per day is set to 2:1:2:1.5:1.
We set the instances described above to be base settings. Each
instance executed in the following experiments consists of
a five-stage rolling-horizon re-optimization decision process.

At beginning of each period, the allocated staffing, service
capacity, and patient demand are updated. Once the realized
information becomes available, the proposed stochastic model
is re-solved to obtain the decision for that period. Then,
the current stage decision is implemented, and the system
moves to the next period and the process repeats. Since we
operate in a dynamic, multi-stage decision-making setting, we
focus more on short-term costs (TC5) of first five decision
stages, as these represent the costs incurred following the
implementation of decisions. However, for a comprehensive
analysis, we also evaluate the long-term costs (TC30) over the
first 30 periods and the overall objective function values across
five decisions (TCobj). In addition, to investigate how different
parameters affect the performance of the proposed model, we
generate new instance sets by varying patient demand, capacity
level and pattern, MWTTs, and revisit interval.

B. Algorithm Performance

The proposed DB-ACARP algorithm performance analysis
is presented in this subsection. We run some test instances
to compare the performances of the proposed DB-ACARP
and the multistage stochastic programming model directly
resolved by Gurobi. The mathematical programming problem
is implemented using Gurobi 11.0.1 with Python 3.11.5 on
a PC equipped with a 13th Gen Intel(R) Core (TM) i7-
13700H processor, featuring 14 physical cores and 20 logical
processors, utilizing up to 20 threads. It is noted that the
proposed multistage stochastic programming model is applied
in an online allocation scenario. The performance metric of
computation time is important in such settings, where the
parameters are updated in each stage and the model must
generate results within a short time. Therefore, we set a time
limit of 1800 seconds for each model run, leading to a total
time limit of 9000 seconds for the five-stage decision-making
process. The MIPGap parameter in Gurobi is set to 0.05%.

We consider 9 low-demand, 5 medium-demand, and 5 high-
demand instances, where the patient arrival rate is 0.25 times,
0.5 times, and 1.0 times the baseline level, chosen with
consideration of model stability and computational efficiency.
To evaluate the algorithm’s performance under varying levels
of resource constraints, and considering the dynamic nature
of real-world outpatient systems where capacity is not fixed
due to frequent staffing adjustments by managers, we set
different capacity levels for each level of patient arrival rate.
The number of scenarios varies across instances as well. The
generated instances are denoted as “D[L/M/H]-S[b]-C[c]”. Ta-
ble II presents the scale of some of our test instances. For our
largest test instance, the model size is extremely large, with the
number of variables and constraints reaching tens of millions.
The proposed model is an NP-hard problem. The solution
space grows exponentially as the problem size increases. In
Table III, the performance value, computation time (denoted
as “Cot”), and performance improvement of the proposed DB-
ACARP algorithm compared with Gurobi are reported in the
“Gurobi” and “DB-ACARP” columns, respectively. We denote
Imp-I = (TC(Gurobi) - TC(DB-ACARP))/TC(Gurobi) ×100%,
I = 1, 2, 3 to represent the improvement in each performance
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indicator. Here, TC(Gurobi) and TC(DB-ACARP) represent
the values of each performance indicator obtained by Gurobi
and DB-ACARP, respectively. We use “ABgap” to represent
the average gap between the solutions obtained by Gurobi for
five model runs within the time limit and the optimal solution.

TABLE II: Model size of some test instances

Instances Size
Continuous

variables
Integer

variables
Total

variables
Total

constraints
DBL-S8-C1800 32776 62867 95643 899821

DBL-S15-C1800 60664 116375 177039 1665733
DBL-S30-C1800 120424 231035 351459 3306973
DBL-S100-C1800 399304 766115 1165419 10966093
DBL-S150-C1800 598504 1148315 1746819 16436893
DBL-S200-C1800 797704 1530515 2328219 21907693

The results indicate that for both short-term costs (TC5) and
long-term costs (TC30), DB-ACARP consistently outperforms
Gurobi, with average improvements of 48.6% and 19.4%,
respectively. For all test cases, Gurobi fails to provide an
exact solution within the time limit, with the lowest ABgap
being 1.3%. In some instances, such as “DM-S8-C800”, “DH-
S5-C2200”, and “DH-S8-C1800”, Gurobi even fails to find a
feasible solution due to an “out of memory” error. However,
DB-ACARP provides better solutions in a very short time,
even for large scale problems with 2000 scenarios, such as
within 60 seconds, especially in terms of short-term and long-
term costs. In terms of overall objective value, DB-ACARP
performs worse than Gurobi. This is likely due to the optimiza-
tion separates current-period decisions from future random de-
mand. The algorithmic framework does not incorporate future-
period demand information when optimizing the current de-
cision. As a result, DB-ACARP performs better on indicators
related only to the demand raised in current decision period,
such as TC5 and TC30, but less effectively on the overall
objective value indicator, TCobj , which is influenced by both
current and future period demand. The rule-based heuristics
can be strengthened in several ways. Solution quality may be
improved using variable-neighborhood search with simulation-
based evaluation and local repair, or by adopting ensemble
strategies that combine greedy, balanced, and priority-based
rules. A hybrid exact–heuristic approach, which solves the
current-period decision optimally using a MIP solver while
applying heuristics for future periods, can also be effective.
Moreover, the framework can incorporate value-function ap-
proximations for future periods through forward–backward
iterations, such as cutting-plane or Benders-type methods.
With enhanced scenario-sampling techniques (e.g., importance
sampling, stratified sampling, or scenario aggregation), such
procedures may yield convergence guarantees and improve
policy quality.

To more precisely diagnose why the proposed algorithm
underperforms in terms of the overall objective value and
how this affects the solution allocations, we compare its
results with Gurobi’s optimal solution on instance DL-S2-
C500 for a single run (i.e., allocation for first-period realized
demand and four subsequent stages stochastic demand). Table
IV summarizes the comparison of the cost components. We
observe that, compared with the approximate solution of the

proposed algorithm, the Gurobi optimal solution accepts more
patients overall, rejects more first-visit patients, and ensures
that all revisit patients are served. To achieve this, it uses
more overtime capacity and leaves less idle capacity. In terms
of costs, the approximate solution reduces overtime costs by
93.9% and preference-related costs by 47.3%, but incurs an
additional 1955 units of idle cost. Since these savings cannot
offset the higher idle and rejection costs, the overall objective
value TC ′

obj of the approximate solution is higher. Fig. 6
illustrates the allocation plans. The impact on allocation is
that the proposed algorithm adopts conservative allocation
strategies that allocates less total capacity in each period to
avoid overtime, which is particularly important in healthcare
systems with constrained capacity in practice. Here, TC ′

obj

denotes the objective of a single run considering overtime and
idle costs without discounting future cost, which distinguishes
it from TCobj in Table III. Since we adopt a multi-stage deci-
sion framework and are more concerned about costs incurred
after the execution of decisions (TC5 and TC30) in real-
world applications, and given DB-ACARP’s extremely fast
solving speed for large scale problems, we can conclude that
the proposed DB-ACARP algorithm has significant advantages
and practical application value. Our findings also suggest
that the proposed algorithm fits healthcare systems that value
overtime reduction and patient preference satisfaction more
than minimizing idle resources and patient rejections.

C. Performance of the Rolling-Horizon Multistage Stochastic
Framework

1) Value of Modeling Subsequent Stochastic Demands
This study’s explicit modeling of the stochastic nature of

patients who will arrive on subsequent days is a significant
contribution. An alternative approach is to make decisions
at the current stage while ignoring the stochastic nature of
future patient appointments. Through numerical experiments,
we evaluate the benefits of explicitly incorporating this un-
certainty into the decision-making process. In order to do
this, we assume that the daily demand coming from future
days is 0 (that is, Poisson with λf= λri= 0) as compar-
isons. To investigate the impact of the number of look-
ahead steps on system performance, we further conducted
experiments for each instance with stochastic demands one
and two steps into future. Note that we conduct the above
experiments using Gurobi within a five-period rolling-horizon
re-optimization framework. The time limit for each decision
run is set to 200 seconds, a total of 1000 seconds for five
runs. We also solve the proposed model with DB-ACARP.
The results are summarized in Table V using the short-term
cost measure, i.e., the total costs over five decision periods.
Columns “TC5-NSD”, “TC1

5-SD”, and “TC2
5-SD” show the

model’s performance without accounting for future demand,
and with stochastic demands considered one and two steps
ahead, respectively. The proposed model was solved using
the proposed method and Gurobi, with the corresponding
costs presented in columns “TCPM

5-SD” and “TC4
5-SD”. Di =

(TC5-NSD − TCi
5-SD)/TC5-NSD × 100%, i = 1, 2, 4, repre-

sents the percentage reduction in cost achieved by considering
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TABLE III: The performance comparison results of Gurobi and the DB-ACARP

No. Instances Gurobi DB-ACARP Imp-1 Imp-2 Imp-3
TC5 TC30 TCobj ABgap CoT(s) TC5 TC30 TCobj CoT(s)

1 DL-S2-C500 178 4878 20299 17.1 7260 120 4010 28957 0.1 32.6 17.8 -42.7
2 DL-S5-C600 575 7715 26690 6.1 4124 451 7141 46587 0.2 21.6 7.4 -74.5
3 DL-S5-C700 1180 9780 34321 4.4 9067 980 9450 55413 0.1 16.9 3.4 -61.5
4 DL-S2-C550 193 5433 23425 13.9 5499 91 4241 30552 0.1 52.8 21.9 -30.4
5 DL-S2-C450 335 4255 18615 24 9087 80 2860 25628 0.1 76.1 32.8 -37.7
6 DL-S2-C750 1321 10821 36509 1.3 9036 612 7692 38451 0.1 53.7 28.9 -5.3
7 DL-S3-C550 619 5709 23000 13.8 7291 413 5143 35398 0.1 33.3 9.9 -53.9
8 DL-S2-C520 381 5781 20365 13.1 4971 206 4176 28878 0.1 45.9 27.8 -41.8
9 DL-S3-C600 325 6145 28370 10.9 3704 257 5057 40112 0.1 20.9 17.7 -41.4
10 DM-S2-C800 618 6438 38024 35.6 9035 96.5 4846.5 43769 0.1 84.4 24.7 -15.1
11 DM-S2-C900 733 9153 31886 24.4 9028 139 5979 52489 0.1 81 34.7 -64.6
12 DM-S3-C850 932 10472 27781 18.9 9041 570 9210 60382 0.1 38.8 12.1 -117.3
13 DM-S3-C950 524 9894 33252 24.2 9040 215 7265 63702 0.1 59 26.6 -91.6
14 DM-S8-C800 - - - - - 93 4343 52743 0.2 - - -
15 DM-S1000-C800 - - - - - 90 4740 60041 27.1 - - -
16 DM-S2000-C800 - - - - - 90 4610 63214 54.2 - - -
17 DH-S2-C2000 1773 20673 63590 16.1 9029 659 17439 115705 0.1 62.8 15.6 -82
18 DH-S3-C2100 1471 25791 66017 18.6 9043 748 23468 141950 0.1 49.2 9 -115
19 DH-S3-C1900 2038 22998 63899 26.7 9042 422 14162 124792 0.1 79.3 38.4 -95.3
20 DH-S5-C2200 - - - - - 1523 25473 169240 0.1 - - -
21 DH-S8-C1800 - - - - - 434 15334 138277 0.2 - - -
22 DH-S1000-C1800 - - - - - 397 15057 150566 26.8 - - -
23 DH-S2000-C1800 - - - - - 163 9703 135567 54.6 - - -

Note: Instances are denoted as D[L/M/H]-S[b]-C[c], where D = demand level (L = Low, M = Medium, H = High), S = number of scenarios, and C = capacity
level. For example, DL-S2-C500 represents an instance with low demand, 2 scenarios, and a capacity level of 500.

TABLE IV: Comparison of cost components and overall objective values between Gurobi and the DB-ACARP

Method CTo CTa CTf CTr CTfn CTrn CRt CRtn TC′
obj

Gurobi 1320 9465 0 0 25.1 0 4 32.9 10814.1
DB-ACARP 80 11420 0 0 9.1 31.9 0 17.3 11558.4

Note: CTo = overtime cost; CTa = idle cost; CTf = realized first-visit rejection cost; CTr = realized revisit rejection cost; CTfn = future stochastic first-visit
transfer cost; CTrn = future stochastic revisit transfer cost; CRt = realized patient preference cost; CRtn = future stochastic patient preference cost; TC′

obj
= total objective value without discounting future overtime and idle costs.

Fig. 6: Stacked bar comparison of capacity allocation for four patient types under Gurobi solution and DB-ACARP solution over
35 time periods. Each time period has two side-by-side bars (left for ‘Gurobi solution’ and right for ‘DB-ACARP solution’).
Hatch patterns differentiate patient types. The dashed line shows y = 500 reference.

This article has been accepted for publication in IEEE Transactions on Automation Science and Engineering. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TASE.2026.3663197

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on February 13,2026 at 01:16:21 UTC from IEEE Xplore.  Restrictions apply. 



IEEE TRANSACTIONS ON AUTOMATION SCIENCE AND ENGINEERING 15

TABLE V: Value of modeling subsequent stochastic demands

Instances Demand Scenarios Capacity TC5-NSD TC1
5-SD TC2

5-SD TC4
5-SD TCPM

5-SD D1% D2% D4%
1 H 3 1000 3237.5 1491 1879 3113 389.5 53.9 41.9 3.8
2 H 3 800 4755.5 3473 3912.5 3887 419 26.9 17.7 18.3
3 M 2 300 2384.5 2536 1842 1575 258 -6.3 22.7 33.9
4 M 2 250 3186.5 2598.5 1530 1733 271 18.4 51.9 45.6
5 L 2 250 1010.5 667 347 439.5 111 33.9 65.6 56.5
6 L 2 200 1269.5 1138 726 1163.5 129 10.3 42.8 8.3

one-step, two-step, and four-step future information, compared
to the solution without such consideration.

We find that assigning patients at the current stage while
explicitly considering stochastic appointments one, two, and
four steps ahead reduces operational costs by an average of
22.8%, 40.4%, and 27.8%, respectively, compared to opti-
mizing independently. Considering two steps ahead yields the
best average performance. Notably, in Instance 3, the one-
step-ahead model performs worse than the model that ignores
stochastic future demand. These indicate that incorporating
more future steps does not necessarily improve results. This
may be due to accumulated prediction errors. As the number
of steps increases, uncertainty grows, potentially misleading
the optimization. Additionally, optimizing over more steps
increases problem complexity, which can compromise short-
term stability. Healthcare practitioners must balance prediction
accuracy, model complexity, and system robustness, choosing
an appropriate number of look-ahead steps to achieve optimal
system performance. Our method consistently performs best
under this metric, owing to its adaptive response to demand
and flexible capacity allocation decisions. During the exper-
iment, we observed that under the given time constraints,
TC5−NSD consistently achieved the optimal solution due to
its lower model complexity. In contrast, TC5−SD exhibited a
certain gap from the optimal solution. In such cases, the value
of TC5−SD was lower than that of TC5−NSD. Then, with
longer runtime, the proposed model is expected to perform
better as it would yield more precise solutions. In capacity-
limited systems with low daily capacity (e.g., Instances 2 and
4), considering stochastic future arrivals enables more effective
use of limited resources than models ignoring them, which is
crucial in practice.

2) Rolling-Horizon Multistage Model vs. Benchmarks
In this subsection, we compare the operational performance

of the two-stage (TS-SAA), multistage (MS-SAA), and de-
terministic (DM) models on instance DL-S2-C500. Given
that the proposed model with a large sample of scenarios
is intractable, we adopt a small-sample repeated-sampling
approach for pseudo out-of-sample evaluation. Case 1 samples
two scenarios for each instance, and Case 2 samples four. Eight
repetitions are performed for each case, using distinct random
seeds across instances and periods. The multistage model is
executed under a full five-period rolling-horizon stochastic
optimization, while the two-stage model solves only once for
the initial optimization. The deterministic model is solved
separately for each scenario, and the corresponding average
cost is computed. The running time for each optimization is
limited to 360 seconds, yielding a total of 1800 seconds for
MS-SAA. TS-SAA and DM achieve optimal solutions in the

vast majority of instances. Results are summarized under the
columns “TS-SAA,” “MS-SAA,” and “DM” in Table VI.

The MS-SAA models yield significantly lower total costs
on average under both cases than TS-SAA and DM. In Case
1, MS-SAA reduces costs by 11.4% and 14.4% compared
with TS-SAA and DM, respectively. With an increased number
of sampled scenarios, the improvement is more pronounced.
In Case 2, the reductions increase to 13.2% and 15.4%.
These results demonstrate the benefits of multistage stochastic
models within a rolling-horizon implementation framework,
particularly when incorporating more lookahead demand in-
formation. This is because multistage models offer greater
flexibility, allowing decisions to adapt patient arrivals over
time compared with two-stage models. They capture temporal
information and support dynamic adjustment strategies. The
deterministic model exhibits the worst performance, high-
lighting the value of explicitly modeling uncertainty through
stochastic optimization.

D. Sensitive Analyses

Several factors can affect integrated online and offline
outpatient systems in the studied healthcare settings. Capacity
volume, capacity pattern, period parameter, and cost coeffi-
cient, are important examples. In this section, experiments are
conducted to analyze the effects of the above parameters on
the solution and system performances.

1) Impacts of Capacity Volume and Capacity Pattern
Capacity volume and capacity pattern are key factors in-

fluencing system performance. To examine the impact of
capacity volume, we designed two groups of experiments,
each representing a system of a different scale. Each group
contains eight instances, with varying capacity levels within
each instance. These instances are labeled as “D[L/M/H]-
C[c]”. Then, to investigate the impact of capacity patterns,
we conducted ten groups of experiments featuring different
demand patterns. Each group consists of four instances, each
configured with various capacity patterns. Groups 1–5 and
Groups 6–10 represent two systems of different scales. Groups
1–5 are set with Demand Pattern 1–5 and Capacity Pattern 1–4,
as illustrated in Fig. 7, while Groups 6–10 follow Demand
Pattern 6–10 and Capacity Pattern 5–8, as shown in Fig. 8.
The results of the three performance evaluation metrics (TC5,
TC30, and TCobj) are presented in Tables VII and VIII.

From Table VII, it can be observed that in both groups,
TC5 initially decreases as capacity increases. However, after
reaching a certain capacity (C1800 for Group 1 and C800
for Group 2), TC5 rises sharply. This suggests that there
exists an optimal capacity range that minimizes short-term
costs. Exceeding this range leads to rising short-term costs.
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TABLE VI: Comparative results of rolling-horizon multistage stochastic model and benchmarks

Case Approach Ins 1 Ins 2 Ins 3 Ins 4 Ins 5 Ins 6 Ins 7 Ins 8 Average

1
TS-SAA 10847 11111 10691 10645 10067 10765 10772 10174 10634
MS-SAA 9833 9722 9168 9206 9411 9229 9186 9623 9422

DM 12077 11186 10899 10669 10856 10958 10871 10529 11005

2
TS-SAA 11150 10144 10912 10666 10839 10592 11085 10666 10757
MS-SAA 9181 9169 9610 9424 9244 9419 9193 9437 9335

DM 11268 10657 10985 10776 10950 10846 11181 11591 11032

Fig. 7: Varied demand and capacity patterns used for simula-
tion experiments (groups 1–5)

Fig. 8: Varied demand and capacity patterns used for simula-
tion experiments (groups 6–10)

Both groups show a steady increase in TC30 as capacity
grows. Group 1 exhibits a more gradual rise, while Group
2 experiences steeper increases after C1200, reflecting higher
long-term operational challenges in larger systems. Overall
objective values increase with capacity in both groups. Group
1’s TCobj rises more rapidly after C1600, while Group 2
maintains a more moderate growth, suggesting better cost effi-
ciency at higher capacities. Here, we only provide managerial
insights on optimizing capacity levels to enhance short-term
efficiency, as evaluating TC5 is more aligned with practical
applications.

Insight 1. Since TC5 decreases initially with increased
capacity in both groups, managers should identify and operate
within the optimal capacity range to maximize short-term cost
efficiency.

From the result in Table VIII, we can observe the fol-
lowing trends for TC5, TC30, and TCobj across all groups.
For TC5, in most groups, TC5 generally exhibits an initial
decline as capacity patterns vary, reaching the minimal cost
when the capacity pattern first increase, remains constant,
and then gradually decreases, such as in Capacity Pattern 3
and Capacity Pattern 7. However, the rate and extent of this
decrease vary depending on the demand patterns and group
settings. This suggests that optimizing capacity patterns can
significantly impact short-term costs, although the relationship
might not be strictly linear across all scenarios. For TC30,
TC30 demonstrates more variable behavior. In some groups
(e.g., Groups 1–3), it decreases with adjusting capacity pattern,
while in others (e.g., Groups 4-5), it fluctuates without a clear
trend. This suggests that long-term cost efficiency is influenced
by both capacity patterns and the nature of demand patterns,
and may not always align with short-term cost trends. For
TCobj , TCobj generally shows a slight increase or fluctuates
as capacity pattern varies. This indicates that while short-
term costs can be minimized through capacity optimization,
the overall cost performance may be more sensitive to other
factors.

For each group, given a demand pattern, there is an optimal
capacity pattern that yields the best performance for different
performance indicators. For the system represented by Groups
1–5 and Groups 6–10, there are optimal combinations of
demand and capacity patterns that yield the best performance
for different performance indicators. For instance, for the
system represented by Groups 1–5, the lowest TC5 (77) occurs
in Group 1, Demand Pattern 1, Capacity Pattern 3; the lowest
TC30 (9982) is in Group 3, Demand Pattern 3, Capacity
Pattern 2; and the lowest TCobj (105439) appears in Group
4, Demand Pattern 4, Capacity Pattern 1. Therefore, we can
also obtain useful and interesting combined insights.

Insight 2.1. For a given system capacity should not remain
constant over time; instead, managers can frequently adjust
staffing to align with fluctuating demand.

Insight 2.2. Managers can identify and implement the
optimal capacity pattern for a given demand pattern, as well
as the optimal combinations of demand and capacity patterns,
to minimize various performance indicators.

Insight 2.3. While TC5 and TC30 often follow similar
trends of initial decrease with capacity adjustments, TCobj

does not always reflect these improvements, highlighting the
complexity of balancing immediate and future performance.
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TABLE VII: Impact of capacity level on different system performance indicators

Group Instances TC5 TC30 TCobj Group Instances TC5 TC30 TCobj

1

DH-C800 419 7379 49806

2

DM-C200 304 2243 12697
DH-C1000 390 7789 59526 DM-C400 247 3217 23964
DH-C1200 313 9152 73403 DM-C600 185 4134 37443
DH-C1400 221 10251 90303 DM-C800 78 5067 56435
DH-C1600 178 8918 108294 DM-C1000 263 7383 77315
DH-C1800 105 12155 131226 DM-C1200 822 13352 100169
DH-C2000 139 15439 153403 DM-C1400 1810 19340 123059
DH-C2200 634 21414 176584 DM-C1600 2810 25340 146181

Note: Instances are denoted as D[L/M/H]- C[c], where D = demand level (L = Low, M = Medium, H = High) and C = capacity level. For example, DH-C800
represents an instance with high demand, and a capacity level of 800.

TABLE VIII: Sensitivity analysis with different demand and capacity patterns

Group Demand Pattern Capacity Pattern TC5 TC30 TCobj Group Demand Pattern Capacity Pattern TC5 TC30 TCobj

1 (1)*

(1) 105 12155 131226

6 (6)*

(5) 109 4579 52343
(2) 104 11694 135752 (6)* 86* 4856 57619

(3)* 77* 13427 141321 (7) 90.5 4531 61729
(4) 105.3 12722 138565 (8)* 120.8 4497* 59339

2 (2)

(1) 149 11749 126320

7 (7)

(5) 300 4930 49159
(2) 137 10587 130136 (6) 283 4903 53552
(3) 108 11478 135392 (7) 260.5 4961 56767
(4) 135.3 11602 133173 (8) 297.3 4964 55035

3 (3)*

(1) 137.5 10438 122630

8 (8)

(5) 324.5 5035 47644
(2)* 141.5 9982* 127123 (6) 301.5 5242 52564
(3) 126 10596 131929 (7) 250.5 14951 55316
(4) 131.3 10508 129655 (8) 266.3 5283 53897

4 (4)*

(1)* 406.5 12387 105439*

9 (9)*

(5)* 370.5 6051 43718*
(2) 400.5 12821 110557 (6) 351 6801 49298
(3) 370.5 12921 113851 (7) 302 7142 51341
(4) 392.3 12939 111791 (8) 359.8 7037 50246

5 (5)

(1) 332.5 13793 112077

10 (10)

(5) 352.5 5883 45737
(2) 335.5 13156 116086 (6) 328 6848 51650
(3) 265.5 13516 120655 (7) 317.5 6798 54327
(4) 309.8 14017 118937 (8) 355.8 6663 52553

Note: The symbol “*” denotes the optimal solutions.

This suggests that managers should consider both immediate
gains and future stability when optimizing capacity patterns.

2) Impacts of period parameters
First, we consider the impact of the MWTTs by varying W1

from 2 to 4. Table IX summarizes the solution performance
across different cost components for various values of W1.
With increasing W1, we observe that the patient preferred
revisit day violation cost CRt and total short-term cost of the
first five periods (decision periods) TC5 have similar trends
with the lowest value at W1=3, both decreasing first and then
tends to increase. Contrast to CRt and TC5, idle cost Ca show
an upward trend. Intuitively, these tendencies are due to the
fact that more capacities can be used for service when the time
window is wider with larger W1 values. The results indicate
that initially, CRt plays a dominant role in reducing the TC5,
leading to a decrease in TC5. Subsequently, the combined
increasing effects of Ca and CRt contribute to a rise in the
TC5.

Insight 3.1. The sensitivity analysis of the W1 provides
a guiding tool for hospital practitioners in selecting the
right W1 for their settings. By adjusting W1, it is possible
to effectively balance cost, efficiency, and patient demand,
thereby optimizing the overall system performance.

Next, we analyze the impact of the allowable span of the
revisit intervals by varying the span from 1 to 3. Table X
summarizes cost components under different combinations of

TABLE IX: Sensitivity analysis with different W1

W1 Co Ca CTf CTr CRt TC5

2 0 50 0 4 351 405
3 0 110 0 4 125 239
4 0 220 0 4 204 428

(ao, ao) ; (ae, ae) (labeled as “Com”). Ca and CRt show
significant variation, suggesting they have the largest impact
on TC5. The rejection or transfer cost CTf/CTr and overtime
cost Co remain unchanged, suggesting these factors might
not influence TC5 in these scenarios. Com 1 has the highest
TC5, driven by a notably high Ca. Com 4 has the lowest
TC5, indicating a potentially more cost-efficient setup. Table
X illustrates that the TC5 follows the same trends as Ca and
CRt: it first decreases and then increases as the allowable spans
for offline and online revisits expand, as seen by comparing
Coms 1, 4, and 6, or Coms 2, 4, and 5. Comparing Coms 1
and 2, Coms 3 and 4, or Coms 5 and 6, where each pair has
the same allowable span but a longer revisit interval in the
latter, reveals mixed results. In some cases, the latter scenario
yields better system performance, while in others, the former
performs better.

Insight 3.2. This suggests that as a patient’s condition
improves, practitioners can optimize system performance by
adjusting either the allowable span of the revisit interval or
the revisit interval itself.
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Fig. 9: Capacity allocation with different W1. (a)(b): W1=2. (c)(d): W1=3. (e)(f): W1=4

TABLE X: Sensitivity analysis results on revisit interval

Com (ao, ao);
(ae, ae)

Co Ca CTf CTr CRt TC5

1 (2, 3);(4, 5) 0 720 0 4 236 960
2 (3, 4);(5, 6) 0 80 0 4 169 253
3 (1, 3);(3, 5) 0 370 0 4 182 556
4 (2, 4);(4, 6) 0 110 0 4 125 239
5 (1, 4);(3, 6) 0 190 0 4 216 410
6 (2, 5);(4, 7) 0 290 0 4 418 712

To analyze the solutions, we consider the capacity allocation
for each patient type, as well as the online, offline, and total
capacities under different values of W1, as illustrated in Fig.
9. The figure reveals two key observations. First, there is
significant variation across periods: both patient-type-specific
capacities and online/offline allocations fluctuate significantly
over time. To address this, we suggest a dynamic adjustment
strategy based on the capacity allocation scheme. Second, the
effect of W1. Comparing figures (a)-(b), (c)-(d), and (e)-(f)
highlights varying W1 directly and significantly influences
both patient type distribution and the split between online
and offline capacities. Figures (a), (c), and (e) illustrate the
capacity allocation for different types of patients (first visits,
Type 1, Type 2, and Type 3 revisits). It can be observed that the
dominant trend is Type 2 revisits, which consistently demand
the most capacity across different periods, while first visits and
Type 3 revisits display more sporadic allocation patterns. As
shown in Figures (b), (d), and (f), in some cases, the allocation
of online and offline capacity tends to be balanced, while in
others, it may lean towards offline or online services. The
volatility of total capacity varies with different values of W1.

Insight 3.3. This suggests that dynamically adjusting to-
tal capacity allocation across periods, optimally distributing
capacity between online and offline services, and optimizing
capacity allocation for different patient types can help mini-

mize overall system operational costs.
3) Impacts of cost parameters
In this subsection, we conduct sensitivity analysis on unit

overtime cost, idle cost, revisit rejection or diverting cost, and
patient preference violation cost, with each unit cost varying
between 0.2 and 3. As shown in Fig. 10, we find that overtime
cost and first visit/revisit rejection or diverting cost are largely
insensitive to the changes in any of the unit costs, as they
consistently remain zero, while revisit rejection or diverting
cost stays very low (ranging from 0.4 to 6) with almost no
variation. Idle cost dominates the overall trend, as the trend of
total short-term cost always aligns with that of idle cost, which
tends to decrease as the unit patient preference violation cost
increases. We further observe that when the unit overtime and
idle costs are 2.5, the unit revisit rejection or diverting cost
equals 1.6 or 2.5, and the unit patient preference violation cost
takes values of 0.6 or 1.4, two to four cost components exhibit
sharp changes and inconsistent trends around these points.
Moreover, the trends of total long-term cost and total short-
term cost are sometimes aligned but not always. For instance,
as the unit idle cost increases, the total long-term cost rises
almost monotonically in a linear trend, whereas the total short-
term cost shows an overall increasing trend but with localized
decreases. Notably, when the unit revisit rejection or diverting
cost is set to 1.6, and under many values of patient preference
violation cost, the total long-term cost and total short-term
cost move in completely opposite directions. This may be due
to the fact that small changes in unit cost coefficients exert
limited influence in the short term but can accumulate and
be amplified in the long term, leading to divergent trends.
These findings reveal that the proposed model involves discrete
decisions and exhibits “critical points” or “threshold effects”.
The impact of unit cost coefficients is not always transmitted
linearly, but may instead trigger capacity allocation changes or
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Fig. 10: Changes in idle cost, patient preference cost and total short-term cost (left axis) and total long-term cost (right axis)
across unit costs. A dual y-axis is adopted to display both cost components within a single figure, as their magnitudes differ
by two orders of magnitude.

strategy switching in certain intervals or points, causing non-
monotonicity. The short-term optimum does not necessarily
align with the long-term optimum. Therefore, policy-making
should consider both immediate and long-term effects. In
particular, at the intervals or points where trend inconsistency
or “jumps” occur, the system is highly sensitive to parameter
changes, and decisions should be made with caution.

VI. CONCLUSIONS

This paper investigates a first visit and multitype multiple
revisits capacity allocation problem considering stochastic
demands in online and offline outpatient clinics setting. Due to
the stochastic demands for first visits and multitype multiple
revisits and the multiple revisits transfers between online and
offline services, it is challenging for hospital practitioners
to dynamically match patients with service capacities. We
develop a dynamic multistage SMIP model to minimize the
total expected costs for violating patient preferred revisit
day, rejecting or transferring patients, capacity overtime, and
capacity idle time by considering the access way and time
interval of revisits. These revisit interval constraints make
it intractable directly. Therefore, we reformulate the model
and propose the DB-ACARP algorithm to solve the problem.
To demonstrate the performance of our proposed algorithm,
we consider a commercial solver as benchmark. Numerical
results indicate that the running time and solution quality of

the DB-ACARP algorithm is improved a lot compared with
the commercial solver both in short-term and long-term costs.
In addition, numerical studies are conducted to analyze how
certain important factors affect the decision model. We have
also presented some managerial insights to provide guidelines
to practitioners in employing the decision model and solution
method.

Several future research directions could extend our model
for integrated online and offline healthcare operation manage-
ment. The first direction is to incorporate patient behavior,
such as no shows and cancellations that could significantly
affect capacity allocation decisions and resource utilization.
The second direction is to provide the optimal decisions on
the appointment day and time of online and offline revisits
and first visits by studying the joint capacity allocation and
appointment scheduling problem. It could consider modeling
the revisit mode (online or offline) as decision variables.
Additional constraints would ensure only eligible patient types
are assigned to online visits. The third direction is to develop
a robust or distributional robust optimization model to model
uncertain parameters as close to reality as possible.
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