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Abstract—With the increasing demand of patients for limited healthcare services, e.g., expert physicians in general hospitals and the long on-

site waiting time of patients, a real-time admission control (AC) policy was developed considering both distinction and fairness among 
heterogeneous patients. The AC policy chooses the customer for the next service from the waiting area to minimize the expected total disutility 
according to the current system state. A continuous-time Markov decision process in a finite horizon was developed, and a myopic optimal 
policy was derived using a switching curve to discriminate patient admission based on patient types and waiting time. The effect of each 
parameter on the switching curve is analyzed, and managerial insights are discussed. In the numerical experiment, an empirical case in the 
Pediatric Department of Peking University  

Note to Practitioners—Healthcare facilities with limited resources, for example, emergency departments in the U.S. and expert physicians in 
China, are always inundated with waiting patients. To guarantee the real-time property of the control policy, a discriminating inequality with a 
simple switching curve, which was derived from the myopic optimal situation, is proposed. With the implementation of an automatic call-in 
system based on this admission control policy, outpatient clinics can immediately decide which patient to prioritize, and a tradeoff between 
patient distinction and fairness can be warranted. 

Index Terms—Admission control (AC), healthcare management, Markov decision process (MDP), myopic optimal policy, patient utility. 

__________________________________________________*****_______________________________________________ 

 

I. INTRODUCTION 

The most distinct challenge in Chinese healthcare service is 

that the supply cannot meet the demand, particularly for 

specialist (expert) medical resources. The no-show rate of 

appointments is relatively low because of the difficulty in 

registering in a specialist department. Patients in China can 

access a specialist health care service in two ways. One method 

is through an online appointment system. The other is by 

directly visiting a hospital. These approaches have their own 

strengths and weaknesses. Patients adopting advance 

appointment are guaranteed admission, but they may have to 

endure longer waiting time. Walk-in patients may not be able 

to secure an appointment, because a specialist only offers 

limited consultant capacities in one day. However, indirect 

waiting time may be shortened if their requests can be 

accepted. Thus, two classes of patients are considered: advance 

appointment patients who reserve appointments in advance and 

walk-ins who come to a clinic for the same-day service. The 

service process in an outpatient clinic is presented in Fig. 1. 

When a patient’s request is accepted by a hospital, he or she 

is given a registration number that indicates the patient’s turn in 

the waiting area. Advance appointments close when a walk-in 

window opens at the start of office hours. Thus, advance 

appointment patients obtain a sequence index prior to receiving 

service in a hospital, and walk-ins confirm their sequence on 

site. For a physician with a workload of 30 patients daily, 

numbers 1–12 are for appointment patients and numbers 13–30 

are for walk-in patients. Each patient has a unique sequence 

index, and no group visit is allowed, which is constricted by the 

regulation ―one registration for one person.‖ Hospitals in 

Beijing only provide each patient an appointment block, e.g., 

morning or afternoon, rather than an individual time slot 

because of the probability of increased traffic around the 

hospital and patients’ tardiness. All patients need to wait in the 

waiting area until they are called in by a doctor. From the 

hospitals perspective, this type of appointment system scheme 

is more suitable for Beijing hospitals than the ―time-slot‖ 

design that is widely used in developed countries, because 

specialist healthcare resources in China are more limited 

considering the large population. The ―nonslot‖ scheme 

guarantees high resource utilization in a heavy-arrival 

stochastic service system. However, this configuration also 

results in a critical issue. Most hospitals assign advance 

appointment patients with low sequence indexes, whereas they 

provide walk-in patients larger sequence indexes. To encourage 

advance appointments to effectively prepare for staff 

allocation, hospitals apply the ―sequence-index-based‖ policy 

(SIBP) to the call-in process, where doctors serve patients 

according to the sequence index 

 

Fig. 1. Healthcare service process in China’s outpatient clinics. 

Fig. 2. Patients’ average waiting time in the outpatient clinic of the PUTH, 
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Beijing. 

in ascending order. However, advance appointment patients 

arrive unexpectedly. Patients with low sequence indexes are 

allowed to ―cut in line,‖ which leads to an extremely long 

direct waiting time of walk-ins holding large sequence indexes. 

Thus, unfairness occurs among patients in the same block. 

The multiple choices problem commonly occurs when the 

staff determines which patient should be called-in next, since 

the backlog in the waiting area always exists in reality. 

According to our literature review, most of the papers consider 

a system where patients have a specific appointment time slot 

with the physician [2]–[9]. However, we consider a heavy 

demand healthcare system where patients’ arrival begins 

anterior to the start point of physician’s work, inevitably 

causing an original backlog in the waiting area. Therefore, 

when a new diagnosis begins, the scheduler always needs to 

select a patient from multiple alternatives, and generally, 

different patients do not have the same priority. They possess 

dynamic priorities that depend on both the patient class and the 

duration they have been waiting. 

Furthermore, the conference version of this paper is extended 

for the following reasons, which are all included in this paper 

[1]. 

• A practical and theoretical proof of the existence of 

backlog in the waiting area is needed to support the 

necessity of solving the multiple-choice call-in issue in 

outpatient clinics. 

• In the conference version, the myopic policy (MP) is 

constricted to at most two patient classes [1]. In this 

paper, the MP is extended to the scenario with multiple 

patient classes (three or more) by introducing a standard 

patient class, which provides a benchmark, and 

proposing a more general myopic optimal selection 

policy (MOSP). 

• The proposed MOSP is highly related to some 

predetermined parameters. Thus, a sensitivity analysis is 

conducted on MOSP, and managerial insights are 

determined. 

The rest of this paper is organized as follows. The literature 

review is provided in Section II. In Section III, a finite-horizon 

MDP model is established. An MP is proposed in Section IV to 

describe the dynamic patient scheduling within a clinic. In 

Section V, the sensitivity analysis on each parameter is 

presented. An empirical study, which is conducted to observe 

the performance of each policy, is indicated in Section VI. The 

simulation results confirm the applicability of the proposed 

model to a more general case. 

II. LITERATURE REVIEW 

Most of the previous studies focus on the static healthcare 

appointment and admission system [2]–[10], where all 

decisions, including the determination of the appointment 

sequence, are made before the service session begins. 

However, works under dynamic settings, where the scheduler 

needs to make decisions on the basis of current state and the 

anticipation to the ulterior system performances, have been 

published recently. A known research investigated a dynamic 

system in healthcare facility [11]. Some previous studies focus 

on the dynamic priority rules for admitting patient into service 

[12], [13], whereas other works attempt to solve a dynamic 

resource allocation or demand assignment problem [14]–[17]. 

This paper focuses on the dynamic real-time admission policy 

based on the state of the sequential healthcare service system. 

Though the sequence has been determined in advance, we still 

review works on sequential appointment or admission system 

as follows. 

averse in the domain of time, the negative exponential utility 

function should be used. Perceived waiting time negatively 

affects customer service satisfaction [26]. 

This paper develops the dynamic admission control (AC) 

policy in a sequential healthcare service system with tardy 

patients. The most significant distinction is that the patient 

dissatisfaction, which is measured by utility theory model, is 

proposed as the objective function. 

III. MODEL DESCRIPTION 

The AC system in an outpatient clinic was formulated by 

using a finite-horizon CTMDP model. In this section, the 

decision epochs, state space, action space, state transition, and 

the utility-based cost function are provided. For simplification, 

the system only includes one physician without any 

interruption before all patients were served. Patients with 

different sequence indexes arrive according to heterogeneous 

distributions, but the service time is homogeneous. The 

allocation of capacity is not included in this paper. In other 

words, the numbers of advance appointment patients and walk-

ins are acknowledged at the beginning of office hours. All the 

bold notations in the equations and expressions represent the 

vector form of the variables. 

A. Scheduling Horizon and Decision Epochs 

The service system within a day was considered as the start 

of patient arrival anterior to the start of physician service. The 

system releases a total of n appointments in a day, and the 

length of scheduling horizon T  depends on the end time 

of a physician’s work instead of being constant. Registrations 

in the scheduling horizon were allocated to advance 

appointment patients and walk-ins in advance such that na out 

of n are for advance appointment patients. The remaining n−na 

are for walk-in patients. Appointment access is terminated 

before the walk-in registration window opens. Thus, the 

sequence indexes of advance appointment patients must be 

smaller than that of walk-in patients. Each patient obtains a 

sequence index i ∈ {1,2,...,n} once the patient finishes the 

registration process and is nominated as ―patient i‖ for 

convenience. The actual scheduled numbers of registrations for 

two types of patients defined as na and nw are calculated by na = 

min{da,na}, nw = min{dw,n − na} 
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S
m = (tm,AT

m,bm)|0 ≤ tm <T; ATi
m ≤ tm 

or ATim = 

M;bim . 

The starting point of arrival is anterior to that of physician 

service. Thus, the definition for the original space is the system 

state when the entire scheduling horizon begins, which can be 

expressed as 

s
0 = (0,M,0) where M ∈ n 

with all 

elements equivalent to M, and 
n 

with all elements 

equivalent to 0. 

C. Action Space 

The scheduler’s task in this model is to decide the patient to 

call for the next service. The action space at the mth decision 

epoch is 

A
m = am = i|ATi

m = M,bi
m = 0 

where a
m 

is the sequence index of the patient called-in at the 

mth decision epoch. This expression illustrates that alternatives 

are available for those who have arrived (ATi
m = M) but have 

not been serviced (bi
m = 0). Patient classes are determined by 

sequence indexes. The waiting time of the arbitrary patient i in 

the waiting pool whose bi
m = 0 at the mth decision epoch 

defined by WTi
m 

is calculated as 

WTim = tm − ATi
m, ATi

m = M and bi
m = 0 0,

 otherwise. 

When decision a
m = i is made, the ―postdecision state‖ is 

expressed as follows: 

s
m+ 

= (tm
+,AT

m
+,bm

+) = tm,ATi
m,bm + ei 

where ei ∈ n 
that only the ith element is one, whereas that of 

others are zero. 

D. State Transition 

The transition from the last postdecision state to the next 

predecision state is investigated in this section. The stochastic 

elements in the state transition include the time of decision 

epoch t
m

+
1 
and the arrival time vector AT

m
+

1
. The newly arrived 

patients during t
m 

to t
m

+
1 

should be added to the waiting pool, 

and their waiting time should be updated. The state transition 

from s
m

+ to s
m

+
1 
is shown as follows: 

tm,ATim,bm + ei → tm+1,ATim+1,bm+1 

where b
m

+
1 = bm + ei. 

The transition probability of epoch time from t
m 

to t
m

+
1 

is 

equivalent to the probability that the sum of the mth service 

time and the mth physician’s idle time is equal to t
m

+
1 − t

m
. τ0 is 

defined as the start time of service process, τi,1 ≤ i ≤ n, as the 

service time for patient i, and τj,1 ≤ j ≤ n, as the physician’s idle 

time before the jth service. Thus, the time for the mth decision  

where the patient in the mth service is sequenced as i. In the 

real-world system, the service process starts after the arrival 

process starts, and the demand of walk-in patients is high. 

These two characteristics of the outpatient clinic lead to the 

existence of backlogs in the waiting area. Lemma 1 

theoretically provides the upper bound of the probability that 

no backlog exists at the mth decision epoch t
m
, given the arrival 

rate λ, the service rate μ, and the start time of service process 

τ0. Let Xt denote the number of patients in the system at time t, 

and Fig. 3 shows the upper bound of the nonbacklog 

probability based on realistic data. 

Lemma 1: Given the traffic density ρ = λ/μ, the upper bound 

of the probability that no backlog exists at the mth decision 

epoch t
m 

is 

Pr{Xtm = 0|X0 = 0} = (e−λτ0 + λτ0e−λτ0)[(1 + ρ)e−ρ]m−1 

(1) 

which can be approximated to zero when λτ0 ≥ 3 and ρ ≥ 1. 

Thus, the transition probability at decision epoch m can be 

approximated as 

Pr{tm+1 = tm + t|tm} ≈ Pr{τi = t|tm,τi >0} = pst(t). (2) 

 Proof: See Appendix A.  

 

Lemma 1, which reveals that the upper bound of probability 

that Xtm = 0 is small enough, also enables us to make the 

following assumptions for model simplification. 
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• The backlog is always nonempty before all the patients 

arrive at the clinic, so that the physician’s idle time 
τ

mbefore an arbitrary decision epoch m is zero. 

• Time intervals between two adjacent decision epochs can 

be approximated to the service time that is 

homogeneously distributed. 

• Patient backlog always occurs during the scheduling 

horizon, and the selection policy is necessary when 

multiple alternatives are in the waiting list. 

E. Objective Function 

One of the highlights of this paper is that we measure the 

waiting costs of patients on the basis of the utility theory 

instead of simply expressed by linear function. Patients in 

different classes have heterogeneous disutility function to 

convey their dissatisfaction of waiting in the queue, and the 

scheduler should work to minimize the total dissatisfaction 

throughout the scheduling horizon. We assume that the current 

state is s
m = (tm, ATi

m,bi
m), so that the waiting time for patient i 

in the waiting area is 

m t j − ATim, being served at period j, j ≤ m WTi = tm − ATim+, 

otherwise 

n 

EVs
n
+

1,an
+

1= Vs
n

fiWTi
n
+

1 (6) 
i=1 

where a∗
m

+
1 ∈ As

mm
++

11
, andis the optimal action at thefi(·) is the 

waiting cost functions ofm+1th period 

given the state 

patient i, which is convex and increasing under the 

waitingaversion assumption. Let T0 denote the patient’s waiting 

time expectation [25]. Taking account of the different 

sensitivities of walk-in na + 1 ≤ i ≤ n and advance appointment 

patient 0 ≤ j ≤ na, the relations between fi(t) and fj(t) with the 

same waiting time t should be 

fj(t) <fi(t), 0 ≤ t <T0 fj(t) ≥ fi(t), t ≥ T0 

since advance appointment patients must be more sensitive to 

the waiting time [25]. The objective function explicitly 

balances the effects of patient classes and waiting time on the 

dynamic scheduling. Complete fair policies, such as first-come 

first-serve (FCFS), attenuate the satisfaction of more sensitive 

patients, while complete class-distinguished policies make 

some walk-in patients extremely unhappy. In Section IV, we 

develop a dynamic scheduling policy based on Bellman’s 

equation, which finds a tradeoff between distinction and 

fairness. 

IV. MODEL INTEGRATION OF HETEROGENEOUS-ARRIVAL 

AND HOMOGENEOUS-EXPONENTIAL SERVICE SYSTEM WITH 

NEGATIVE EXPONENTIAL UTILITY FUNCTION 

A. Objective Function Derivation 

According to [25], the negative exponential utility function is 

suitable to express the disutility of customers’ experience in a 

wait-averse queue. The expected utility for patient i to wait in a 

queue is 

E[ui(t)] = −A1(T0)
γ 
exp(−ci(T0 − t)) 

where A1, γ, and ci are positive constants. A1 can be interpreted 

as a measure of a customer’s value of time. γ captures the direct 

impact of the initial expectation of the total waiting time T0, 

and ci is a measure of risk aversion for patient i. The cost 

function is equal to the opposite value of the utility as fi(t) = 

−E[ui(t)] = A1(T0)
γ 
exp(−ci(T0 − t)). (7) 

The first- and second-order derivatives of expression (7) can 

be calculated as fi(t) = ci A1(T0)
γ 
exp(−ciT0)exp(cit) >0 

fi(t) = 
c

i
2 
A1(T0)

γ 
exp(−ciT0)exp(cit) >0. 

Therefore, the expression (7) matches the requirement to the 

objective function with increasing monotonicity and convexity. 

ci is the crucial parameter in such a model reflecting a patient’s 

tolerance to long waits (t >T0) such that the larger ci is, the 

lower tolerance the patient has, so that the cost incurred by 

waiting is higher. The value of ci can be estimated by the 

demographic statistics, i.e., the age and the gender, combined 

with the health status of the patient. However, in this paper, we 

categorize patients based on registration. Coherent to Section 

III-E, the sensitivity parameter of advance appointment patients 

must be larger, and thus 

 cj >ci, 1 ≤ j ≤ na, na + 1 ≤ i ≤ n. 

For notation convenience, let α denote the constant 

coefficient of A1(T0)
γ
. Thus, the entire objective function 

originally formed as expression (5) is rewritten as when 1 ≤ m ≤ 

n 

(sm,am)] 

a 

 =  Pr{sm+1|sm} 

sm  

×   − eWTimα
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 e 

i=1 

+ EVs
m

+
1,a∗

m
+

1
 

where the final overall cost is 

(8) 

n minE[V(sn+1,an+1)] = 

α e−caT0−WTin+1. (9) 

i=0 

B. Myopic Optimal Selection Policy 

Since the state space of the MDP model is continuous and 

uncountable, the closed-form global optimal policy is 

intractable. We figure out the optimal action minimizing the 

expectation augmentation of the total cost function at the next 

decision epoch instead, which is called the MOSP. Assume the 

state space at the mth decision epoch is s
m = (tm,AT

m,bm), where 

there are more than one patients i ∈ {1,2,...,n} that ATi
m = M 

(patient i has arrived) and bi
m = 0 (but has not been served). 

New notations for the calculation in this section include the 

following. 

• ci, the risk-aversion index for patient i. 

• E (t|WTi
m)], the expected cost augmentation if the 

waiting time expansion is t and the current waiting time 

is WTi
m 

with the expression E[ fi(WTi
m + t) − fi(WTi

m)]. 

Thus, the objective function of the one-step-forward myopic 

optimization problem takes the following form as follows when 

1 ≤ m ≤ n: 

mminm E[V(sm,am)] − EVs
m

 

a ∈A Pr{sm+1|sm} sm+1∈S
m

+
1 · n 

m
+

1 − WTi
m|WTi

m. 

EfiWTi 

 i=1 (10) 

The priori knowledge of patients in the backlog contains two 

parts: 1) the patient class and 2) the current waiting time. The 

MOSP is intended to find a tradeoff between the two parts 

above, by which the patient with maximized E[ fi(t|WTi
m)] 

should be selected. Therefore, the formulation of the MOSP is, 

for 1 ≤ m ≤ n max EfiWTi
m

+
1 − WTi

m|WTi
m
 

1s.t.≤i≤n ATim <M 

 bi
m = 0. (11) 

According to the model assumption, the interepoch time is 

identically and independently distributed in accordance with 

the density function pst(t) that is exponential. By analyzing the 

cost augmentation function, the structure of the MOSP for 

multiple alternatives within two classes is shown as Theorem 1. 

The crucial metric evaluating the priority of patients in the 

MOSP is the revised waiting time RWT
m

i , which practically 

represents the standard waiting time of patient i equivalent to 

that of another patient with risk-aversion index c0. Specifically, 

when ci = c0, the slope θi = 1, and the intercept βi = 0, which 

alludes to the revised waiting time RWT
m

i equal to its original 

waiting time WTi
m
. After the transformation using (14), 

Corollary 1 releases an MOSP on the basis of the revised 

waiting time, and Theorem 1 is a special case with two types of 

patients. 

V. SENSITIVITY ANALYSIS ON MOSP 

The scheduler’s decision to call in a proper patient next is 

directly influenced by switching-curve parameters θ and β. 

Furthermore, we discuss the influence of basic parameters T0, 

μ, ci, and cj on slope θ and intercept β. We assume ci <cj, and let 

c denote a constant with the expression of the parameter θ 

represents the equivalent marginal increasing rate of two types 

of patients, which means that one unit waiting time 

augmentation for patient i is equivalent to θ units augmentation 

for patient j, whereas the parameter β represents the basic 

equivalent-priority waiting time of patient i, which means that 

the priority of the newly arrived patient i is equal to that of 

patient j’s who has waited for β units of time. Propositions 1–5 

explicate how parameters in cost functions affect the switching 

curve, and additionally, influence the decision of the scheduler. 

Basic relationships between T0, μ, ci, cj, and β are exhibited in 

Figs. 5–7 as follows. Proofs of Propositions 4 and 5 are in the 

appendixes. 

Proposition 1: For any ci <cj < μ, θ is proportional to ci, but in 

inverse proportion to cj. 

 

Fig. 5. Curve of parameter β within the feasible domain of T0 and μ. 
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Fig. 6. Curve of parameter β within the feasible domain of ci under different 

cases. 

 

1) If ci < μ/2 − c, in the interval (ci,μ/2), one and only one 

root of the equation ϕ(cj) = 0 exists, denoted by c∗−j . 

Similarly, in the interval (μ/2,μ), one and only one root 

of the equation ϕ(cj) = 0 exists, denoted by c
∗+

j . Thus, 

there are three monotone intervals of cj: β decreases 

monotonically as cj increases in the interval (ci,c∗−j ) and 

[c∗+j ,μ), and increases in 

[c∗−j ,c∗+j ). 
2) Else, ¡ μ/ c, in the interval (ci,μ), one 

and only one root of the equation ϕ(cj) = 0 exists, denoted 

by c
∗−

j . Thus, there are two monotone intervals of cj: β 

increases monotonically as cj increases in the interval 

(ci,c∗+j ), and decreases in [c∗+j ,μ). 

3) Otherwise, there is only one monotone interval of cj: β 

decreases monotonically as cj increases in the interval 

(ci,μ). 

 Proof: See Appendix B-B.  

Through further analysis, we conclude the following insights 

when we assume that the patient i is a walk-in and patient j is 

an advance appointment patient where ci <cj. 

1) According to Proposition 1, the equivalent marginal 

increasing rate is directly determined by the ratio of 

different types of patients’ risk-aversion indexes. The 

managerial insight is that the more averse a patient to the 

waiting, the more waiting time the other type of patient 

should have to obtain the same priority with him. 

2) Proposition 2 indicates that the longer expected waiting 

time leads to a lower basic equivalent-priority waiting 

time for just-arrived walk-in patients. The managerial 

insight is that the increase of the overall expected waiting 

time extenuates the basic priority of walk-ins. 

3) Proposition 3 indicates that the higher service rate leads 

to a higher basic equivalent-priority waiting time for 

just-arrived walk-ins. The managerial insight is that the 

increase of the service speed promotes the basic priority 

of walk-in, which implies the opposite effect that the 

waiting time expectation and the service rate have 

because of the negative coefficient between them. 

4) Propositions 4 and 5 show that patients’ risk-aversion 

indexes do not have monotone property to the parameter 

β. However, they expound the extreme points of cw and 

ca in different scenarios. Exceptionally, if both cw and ca 

are relatively small, that is cw,ca μ, they have opposite 

monotone to the basic equivalentpriority waiting time of 

walk-ins. This finding implies that the higher cw is, the 

higher basic priority the walk-in possesses, while ca has 

the negative effect on it. 

VI. EMPIRICAL STUDY: THE PEDIATRIC DEPARTMENT IN 

THE PUTH 

The pediatric department is one of the most well-known 

departments at PUTH. Patients from Beijing need high-quality 

treatment, which is scarce, leading to a crowded service 

environment. According to field research, the waiting area is 

uncomfortable and full of screaming of sick children. The 

current call-in policy called SIBP is completely based on the 

sequence of the registration. In other words, the nurse calls the 

patient in the waiting area with the smallest sequence index for 

the next service. To encourage patients to make the 

appointment in advance, the number of advance appointment 
TABLE I INPUT PARAMETERS OF 

THE NUMERICAL EXAMPLE 

 

patients is smaller than the number of walk-in patients, which 

in the real-world case, numbers 1–12 are allocated to advance 

appointment patients and numbers 13–30 are reserved for walk-

ins. In fact, walk-ins usually arrive at the registration window 

on the first floor of the PUTH early to compete for the 

registration, and then, directly go to the pediatric department on 

the second floor. Since the opening time of registration is half 

an hour ahead of that of the pediatric department, the walk-ins 

have to wait until the physicians start to work. In a worse case, 

the patients with smaller sequence index have higher priority in 

the waiting area. Thus, advance appointment patients with 

small sequence index always jump the queue. The main 

problem of SIBP is the poor fairness among patients, wherein 

some patients with large sequential index who arrive at the 

system early may receive the service quite late. 

In this paper, we compare frequently used scheduling 

policies to our proposed MOSP. 

• Waiting-Time-Based Policy: The priority is completely 

based on the waiting time that patients have spent in the 

queue, which means that the patient with the longest 

waiting time is selected next. This policy is identical to 

the FCFS policy. 
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• SIBP: The policy of current system that has been 

defined. 

• Time Benchmark Policy: The scheduler sets up a time 

benchmark for the waiting patients such that they are 

classified into two groups: underbenchmark patients and 

overbenchmark patients. Overbenchmark patients have a 

strongly higher priority than others. Patients in a group 

are ordered by the SIBP. 

• MOSP: The scheduler chooses patients in accordance 

with the discriminant (13). 

A. Simple Example 

We consider a problem with five patients n = 5, where two 

are appointment patients na = 2 to show four policies more 

clearly. We assume that the horizon begins at time 0, and that 

the service process begins at time t0 = 2000. The time 

benchmark for time benchmark policy (TBP) is 2000. The 

easily computed input parameters, including the arrival time 

and service time, are demonstrated in Table I. We set 

parameters in the objective function as follows: A1 = 1, γ = 1, T0 

= 1000, and ci = 0.0008 for i = 1,2, and ci = 0.0005 for i = 3, 4, 5, 

and thus, we acquire the call-in decision at each decision epoch 

and the service start time of each patient under four policies in 

Table II. 
TABLE II 

SERVICE START TIME OF EACH PATIENT 

 

EXPERIMENTAL RESULTS OF FOUR POLICIES 

 

The actual service sequence for each policy is different. For 

waiting time-based policy (WTBP), it is 3, 5, 2, 4, 1; for SIBP, 

it is 3, 2, 4, 1, 5; for TBP, it is 3, 2, 5, 1, 4; and for MOSP, it is 

3, 5, 2, 1, 4. We demonstrate the results, including the waiting 

time of each patient, the average waiting time, the variance of 

waiting time, and the total disutility in Table III. 

Table III illustrates that the MOSP has the best performance 

(lowest disutility), followed by WTBP, and then the TBP, and 

the SIBP performs worst. Given that the average waiting time 

for each policy is identical, one of the reasons for the difference 

of objective function is the variance of waiting time. The 

variances of WTBP and MOSP are much lower than those of 

SIBP and TBP, resulting in the improved performance of these 

two policies. When comparing the WTBP and MOSP, we find 

that the only difference is the decision at the fourth service (t = 

5000 s). The physician should choose one from patient 1, 

whose waiting time is WT1
4 = 900 s, and patient 4, whose 

waiting time is WT4
4 = 1100 s. Although the current waiting 

time for patient 4 is larger, patient 1 is the appointment patient 

more sensitive to long waiting. According to expression (13) in 

Proposition 1, the MOSP chooses patient 1, and the 

experimental results show that it is the right choice. 

The TBP performs poorly as well because of the unfairness 

even though it is not as severe as the SIBP. Both the WTBP 

and the MOSP provide high fairness to patients in the same 

class. The WTBP provides complete fairness to all of the 

patients. Similar to the first scenario, patients under the WTBP 

all wait for around an hour, which is roughly equal to the 

expected time T0. For the MOSP, most of the advance 

appointment patients wait for less than 50 min, but the walkins 

waiting time ranges from an hour to one-and-a-half hours. The 

fluctuation of curves in Fig. 9 is mainly due to the 

heterogeneous arrival time of patients with different sequence 

indexes. We use the rough mean-variance model to handle the 

arrival data, and intrinsically, these random arrival times are 

regarded as a Gaussian distribution with irrelevant means and 

variances. Given that neither the arrival time nor the 

interarrival time is homogeneous but the service time is, the 

waiting time of each patient cannot eventually converge to a 

certain number or distribution. Therefore, curves in Fig. 9 

cannot be smooth. 

VII. CONCLUSION AND FUTURE RESEARCH 

The relationship between patients and physicians has become 

vulnerable in China recently and has caught public attention. 

Apparently, the uncomfortable service environment in the 

healthcare system is a major cause of patient exasperation. 

Among the enormous factors that affect patient’s service 

experience, the waiting time is the most direct factor according 

to field research, as anxiety accumulates over time. This paper 

studied the issue from the patient’s perspective to minimize the 

total dissatisfaction produced by waiting at the outpatient 

clinic. We studied the following special properties: 1) scarce 

medical resources; 2) impatient patients; and 3) unpredictable 

arrivals. The waiting area is always full of patients and the 

waiting time must be long because of property 1). In addition, 

patients are very eager to obtain scarce resources; thus, they are 

willing to wait for diagnosis, which indicates low no-show and 

cancelation rates and rare service abandonment. Property 2) 

implies patients’ displeasure with the experience of excessive 

waiting. Patients lack patience and panic more easily. In this 

case, using a risk-averse model to formulate patients’ utility is 

rational and indispensable. As for property 3), diseases are 

usually unpredictable such that the fraction of reserved 
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registrations cannot be high. According to our interviews with 

patients, plenty of them obtain the sameday demand for 

treatment of acute diseases. Consequently, the arrival of 

patients is difficult to predict; thus, a complete advanced 

appointment system is impractical. These conditions make 

reservations for walk-in patients essential. 

This paper formulated the dynamic AC in outpatient clinics 

by the MDP method. We transferred the continuous-time 

model into a tractable discrete time one by introducing a 

timecounting dimension in the state space. An applicable MP 

that minimizes the overall disutility at the next decision epoch 

was proposed along with a switching curve that identifies the 

expected performance of possible alternatives. We also 

conducted a sensitivity analysis on parameters that influence 

the intercept and the slope of the switching curve. 

Collaborating with the PUTH, we conducted an empirical study 

based on the pediatric department at this hospital. Although the 

main part of model formulation in this paper was based on the 

Markovian conditions of Poisson arrival and exponential 

service time, the simulation results confirm the rationality of 

the prerequisite, which exhibited a consistent trend among all 

four policies. 

The call-in policy MOSP can be implemented in clinics 

wherever the information system has been constructed. An 

automatic admission system based on the MOSP can be 

developed to replace the current SIBP and improve selection 

and calling-in tasks. Once a patient arrives and checks-in, 

he/she waits in the waiting area until the system automatically 

calls him/her. The main challenge of the automatic call-in 

system is determining the sensitivity parameter ci of each class 

of patients, which is highly related to the objective function 

value and the MOSP. Some experimental research revealing 

the actual feeling (utility) of patients in the waiting area should 

be proposed based on scene imitation in the future to handle 

this issue. 

Potential research directions are as follows. First, we can 

extend our work from outpatient clinics to other service 

facilities with similar but not identical environments. The 

homogenous service duration assumption can be relaxed with 

different types of patients in the system. Second, the disutility 

used to measure waiting can also be extended to other metrics, 

e.g., the morality of patients with more severe diseases. Finally, 

several approximate dynamic programming methods, e.g., 

reinforcement learning, can be used to evaluate the scaling 

parameters to change the myopic optimal policy to a global 

optimal one. 

APPENDIX A 

PROOF OF LEMMA 1 

Proof: The historical data explicate that the total arrival 

rate λ, including both advance appointment patients and 

walkins, is higher than the service rate μ, which means that the 

traffic density ρ = λ/μ >1, and further indicates that the backlog 

accumulates over time. We use the M/M/1 queue as an 

approximation to verify the existence of the backlog. 

Let Xt denote the number of backlogs at time t. Then, the 

probability that Xτ0 at time τ0 equals to 0 with the prior 

knowledge of an empty original queue is calculated as follows: 
Pr{Xτ0 = 0|X0 = 0} = exp(−λτ0). 

We can easily find that when τ0 >3/λ, Pr{Xτ0 = 0| 

X0 = 0} <0.05. We assume that the time of the mth decision 

epoch is t
m
. Then, the upper bound of the probability that no 

backlog exists at this time is as follows: 

Pr  

 Pr{Xti+1 = 1|Xti = 0} 
i=1 m−1 

 <Pr{Xτ0 ≤ 1|X0 = 0}Pr{Xτi ≤ 1|Xti = 0} 

i=1 

= (e−
λτ0 + λτ0e−

λτ0)[(1 + ρ)e−
ρ
]m

−
1. (15)  

APPENDIX B 

PROOF OF THE SENSITIVITY ANALYSIS 

1) If cj >ci,min, both of the extreme points lie in the domain 

of ci ∈ (0,cj); thus, three monotone intervals exist. 

2) Else, if ci,max <cj ≤ ci,min, only ci,max lies in the domain of ci 

∈ (0,cj), thus two monotone intervals exist. 

3) Else, if cj ≤ ci,max, no extreme point lies in the domain of 

ci ∈ (0,cj), such that β increases throughout the domain of 

ci.  

μ ϕ(ci) 

= T0ci 
− 

− μ

 ci 

c
i 

ϕ(μ/2) = T0ci − 2 − ln − μ
 ci lim (cj) → −∞. cj→μ 

By analyzing the function ϕ, we elucidate the monotone 

intervals of cj in the following three cases. 

1) If ci < μ/2−c, we obtain ϕ(ci) <0 and ϕ(μ/2) >0. Thus, in 

the interval (ci,μ/2), one and only one root of the 

equation ϕ(cj) = 0 exists, denoted by c∗−j . Similarly in the 

interval (μ/2,μ), one and only one root of the equation 

ϕ(cj) = 0 exists, denoted by c∗+j . Thus, three monotone 

intervals of cj exist: β decreases monotonically as cj 

increases in the interval (ci,c∗−j ) and [c∗+j ,μ), and 

increases in [c∗−j ,c∗+j ). 

2) If μ/2 − c ≤ ci < μ/2 + c, we get ϕ(ci) >0 and ϕ(μ/2) >0. 

Thus, in the interval (ci,μ), one and only one root of the 

equation ϕ(cj) = 0 exists, denoted by c
∗−

j . Thus, two 

monotone intervals of cj exist: β increases monotonically 

as cj increases in the interval (ci,c∗+j ), while decreases in 

[c∗+j ,μ). 

3) If ci ≥ μ/2 + c, we obtain ϕ(ci) <0 and ϕ(μ/2) is irrational. 

Thus, in the interval (ci,μ), ϕ(cj) <0 is always satisfied. 

Hence, only one monotone interval of cj exists: β 
decreases monotonically as cj increases in the interval 

(ci,μ).  
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