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Abstract

Decision-making concerning the location of critical resource on the geographical network is important in many industries. In the healthcare
system, these decisions include location of emergency and preventive care. The decisions of location play a crucial role due to determining
the travel time between supply and demand points and response time in emergencies. Organs are considered as highly perishable products,
whose variety of each product has a specific perish time. Despite the importance of this field, only a small proportion of healthcare sector is
dedicated to this field. Matching and finding the best recipient for a donated organ is one of the major problems in this field, which is also
crucial for the overall organ transplantation process. Balancing the demand and supply in a transplant organ supply chain in order to
decrease the waiting list needs certain scheduling and management. The main contribution of this paper consists of considering recipient
regions as another component of the supply chain; inaddition, importance of transportation time and waiting lists has led us to consider a
bi-objective model. In addition, uncertainty of input data has led us to consider a stochastic approach.
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1. Introduction

The supply chain network design is one of the most an emergency blood supply system for a case study in
important strategic decisions. Among the different kinds Beijingwas presented by Sha and Huang (2012).They
of facility problems, healthcare location has an important proposed a heuristic algorithm based on a Lagrangian
role in minimizing the cost or maximizing the people relaxation method. Most studies related to organ
benefit. Many previous studies have been devoted to donations and organ transplants have focused on policies
facility location problems (Drira et al., 2007; Farahani et to allocate organs to recipients (Bruni et al., 2006; Rais
al., 2010).Syam and Coété (2012) addressed a location— and Viana, 2011). For a recent overview of organ
allocation model fora treatment department related to allocation and the acceptance of kidneys and livers, we
traumatic brain injuries. A common resource constraint is refer to (Alagoz et al., 2009). Nevertheless, when looking
also assumed, and minimization of the total cost is at the broader healthcare literature, we observe that
considered as objective function. The derived data from facility location is not a new issue at all (Rais and Viana,
the Department of Veterans Affairs (DVA) have been 2011).Belien et al. (2011)proposed a mixed-integer linear
used for testing applicability of the model. They also programming (MILP) to optimize location of organ
examined the effects of five critical factors (i.e., degree of transplant centers as one of the most vital subsets of a
service centralization, service level mandates by acuity, supply chain network. Minimizing the transportation time
and lost admission cost) by equity, facility overload between hospitals as supply point and transplant centers
penalty cost by equity, and target utilization level by as demand point is considered as objective function. The
acuity and treatment unit. Benneyan et al. (2012) also model is applied to the Belgium organ transplant path.
proposed a multi-period integer programming model that Zahiri et al. (2014a) presented a dynamic location-
would establish trade-offs between cost, coverage, service allocation problem of organ transplant centers under
location and capacity for a location-allocation problem. uncertainty. The uncertain nature of the input data was
Sheriff et al. (2012) addressed a capacitated maximal handled via a robust possibilistic programming approach.
covering healthcare location problem and applied it to one In another paper, Zahiri et al. (2014b) presented a bi-
of the districts of Malaysia, utilizing a new genetic objective MINLP model for designing an organ transplant
algorithm. A multi-period location-allocation problem of network under uncertainty.
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A priority queuing system was applied to the model, and
large-scale problems were solved using two meta-
heuristic algorithms. Ebbini et al. (2015) presented a
fuzzy lung allocation system (FLAS) in order to
determine which potential recipients would receive a lung
for transplantation when it became available in the USA.
According to Uehlinger et al. (2010), each organ is
constrained by a specific cold ischemia time defined as
the maximum period an organ can be kept outside the
body. In this area, Bruniet al. (2006) presented a mixed-
integer linear programming (MILP) model to obtain an
efficient system and equalize the waiting lists in Italy. To
optimize their transplant system, they assumed that
special centers play critical rules in managing and
procuring the organs. Kong et al. (2010) used a branch-
and-price approach aiming at the maximization of the
efficiency of the liver allocation systems in the USA. The
study benefits from the clinical data for computational
experiments. Furthermore, Belien et al. (2010)considered
optimal locations of shipping agents solved with limited
numbers of potential locations. A numerical example was
obtained from real data in Belgium.Shishebori et al.
(2015) presented an efficient mixed-integer linear
programming model for a robust and reliable medical
service center location network design problem, which
simultaneously takes uncertain parameters, system
disruptions, and investment budget constraint taken into
account. The proposed model was formulated based on an
efficient robust optimization approach to protect the
network against uncertainty.Mousazadeh et al. (2015)
presented a  bi-objective  mixed-integer  linear
programming model developed for a pharmaceutical
supply chain network design problem. Since the critical
parameters are tainted with a great degree of epistemic
uncertainty, a robust possibilistic programming approach
is used to handle uncertain parameters. Zahraee et al.
(2015) applied the dynamic simulation and Taguchi
method to design a robust blood supply chain system to
improve the blood supply chain efficiency. The National
Blood Center (NBC) in Iran is selected as the case of
study.

The main contribution of this paper consists of
considering recipient regions as another component of the
supply chain, and importance of transportation time and
waiting lists has led us to consider a bi-objective model.
Another aspect of the proposed model is to determine
location—allocation of each mentioned center under
uncertainty via a scenario-based stochastic approach.

An organ transplant network consists of a donor (i.e., a
person who donates an organ), a recipient (i.e., a patient
who receives the organ), hospitals, transplant centers, and
shipping agents. The network of the transplant system
consists of donors (D), recipient zones (RZ), hospitals
(H), transplant centers (TC), and shipping agents
(Sh.A).Brain death patients and donors are kept in
hospital; blood sampling, registration, and organ
transplant surgery are accomplished in the transplant
centers, and also shipping agents are ready to transport the
organ between the transplant center and the hospital.
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2. Problem Definition

This paper presents a bi-objective stochastic mathematical
model for a location-allocation problem of organ
transplant centers. First, a deterministic bi-objective
mixed-integer nonlinear programming model is developed
that minimizes the total transportation time and the
maximum shortage of organ simultaneously. Additionally,
this proposed model uses a scenario-based stochastic
approach, and then is solved by the e-constraint method.
The efficiency of this model is demonstrated by some
numerical experiments and two test problems in small and
large sizes. Finally, the conclusion and future studies are
provided.

According to Fig. 1, when a donor is volunteered for
donating an organ (1), a shipping agent team will be sent
to the hospital (2) and delivers donor’s information and
blood samples to the transplant center (3), then the
shipping agent team will return to the hospital (4). The
surgical operation of removing an organ from the donor’s
body is applied in the hospital, then the removed organ
will be sent to the transplant center for transplantation (5,
5”). Subsequently, qualified recipient is notified and
should be at the current time (6).

Fig. 1.Schematic view of the considered network.

As an international organ supply chain, both domestic and
foreign surgical operations have been taken in to
consideration with a little difference. In case of a foreign
recipient or donator, the organ recipient can be foreigner,
so an organ should be delivered to the airport to arrive at
the TC for operation (5”). One of the important issues that
can be considered in this paper is perishability of the
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organs. Maximum time that an organ can be kept outside
the body is referred to cold ischemia time. Cold ischemia
time has a direct negative influence on the chances of a
successful transplant; if the transport time between a
hospital and a transplant center exceeds this time for a
particular organ, we assume that the organ cannot be
transported to the transplant center. Hence, in this paper,
we develop a location-allocation of organ transplant
centers under different possible scenarios of input data.
The minimization of the transportation time and

minimization of the maximum shortage of an organ are
considered as bi-objective functions.

In this section, a bi-objective mathematical model for a
location-allocation problem of an organ supply chain
under uncertainty is taken into consideration. The aim of
this model is to minimize the transportation time and
maximum shortage of the organ. We utilize the e-
constraint method for solving this problem. The notations
of the model represented below.

Sets:
H Set of hospitals h€H
Set of organs 0€O
Set of shipping agentve )
Set of airportsa€A4
1 Set of transplant centers i€/
K Set of recipient zonek€EK
Parameters:
C; Fixed cost of locating TC at potential location
Ch Fixed cost of locating hospital at potential location
C, Fixed cost of locating shipping agent at potential location
C h with shipping agent
Ly
t
La;
%
to Cold ischemia time of organ
sb Arrival flow of organ
sa Arrival flow of organ
Dy, k for organ
B Available budget
Decision variables:
X o Flow of organ o from hospital 4 to TC
X i Flow of information and blood requirement of organ from hospital 4 to TC
X g0 Flow of organ o from hospital / to airport
Xaio Flow of organ o from airport a to TC
Xkio Flow of organ o from recipient zone “to TC
By, Organ shortage in recipient zone
Zy, 1, if hospital h is open, and0; otherwise
z; 1, if transplant center i is open, and 0; otherwise
Yo 1, if hospital h is open for at least one organ o, and 0; otherwise
Yio 1, if transplant center i is open for at least one organ o, and 0; otherwise
X p 1, if hospital h is covered by shipping agent v, and 0; otherwise
w, 1 “shipping agent v is selected, and 0; otherwise

Model formulation:
MinZ, = MI?X By

()

MinZ, = ZZZ(U it tn X g+ (t X ) +Zzzztkixkio +Zzztm’xai0 )
o TR o T o T

H v
Zchzh+ZCiziy+ZCva+Z ZChthB'
0 7 v h &=v

heH,o0€O,
Yio < 7j, i€lo€0,

YOSZh'

€)

(4)
)
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H
tho > 1, Yo € 0, (6)
h
1
Zyéo >1, Vo €O, (7
i
x;'u'o =0, thio = Lo, ®)
thio = (Son + Son)YVno» VheH,0 €0, )
i
Xnio < (82 + s4)vi,, VheH,i€l,o€O0, (10)
1
Zx;llo = thho' Vhe H,0 €0, (11)
i
ZLD— ohyl_ol VhEH,lEI,OEO, (12)
thao < SonYhos Vh € H,a € 4, (13)
a
1 H
Zxaw thao =0, Va € A,0€0, (14)
i h
K H A
ZkatJ:thw-"Zxaw' viel,oeO, (15)
k h a
A H
Zx sZsohy;O, Vi€l o €O, (16)
a h
14
Zx,,h <1, Vh € H, a17)
v
1
> %o + Bro = Do ke K 0€0, (18)
' 14
Yo < vah, VhE H,0€0, (17)
v
14
ZW" =1, (18)
v
Xpp S Wy, Vv eV,h€H, (19)
H
w, < Z X Vv ev, (20)
h
Zh’Zi’yhOinOJW‘U’th € {OJl}J Vl, h,O, v, (21)
x;liO'xhao'xaio'xkiorxhiorBok = 0,int, Vi, h,0,a,k. (22)

The first (1) and second (2) objective functions minimize
the maximum organ shortage and organ transportation
time, respectively. Constraint (3) defines the budget
constraint. Constraint (4) indicates that a hospital can only
be able to donate a particular organ if the hospital itself is
open. Constraint (5) has the same definition for each
transplant centers. Constraints (6) and (7) indicate that at
least one hospital and one transplant center should be
open, respectively. Constraint (8) ensures that organ
transportation time between hospital and TC should not
exceed the cold ischemia time of each organ. Constraints
(9) and (10) ensure that flows of information and blood
samples are only able to be transported from hospital to
TC if hospital and TC are open. Constraints (11) and (12)

106

have the same definition for flow of organ from hospital
to TC. Constraint (13) ensures that flow of organ from
hospital to airport is only possible if a hospital for
particular organ is open. Constraint (14) ensures that the
total flows of an organ from a hospital to an airport are
equal to the flow from an airport to a TC. Constraint (15)
ensures that flows of an organ from a recipient zone to a
TC are equal to flows from a hospital and an airport to a
TC. Constraint (16) indicates that the flow of an organ is
feasible only if a TC is open. Constraint (17) ensures that
each hospital should be covered by at most one shipping
agent. Constraint (18) indicates that the total demand is
satisfied. Constraint (19) ensures that each opened
hospital should be covered by at least one shipping agent.
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Constraint (20) ensures that at least one shipping agent
should be located. Constraint (21) indicates that a hospital
is covered by shipping agent only if the shipping agent is
selected. Finally, Constraint (22) minimizes the number of
unused shipping agents and flows.

3. Stochastic Optimization Model

Since a demand for an organ is not certain, we consider
the presented model under uncertainty parameters under

different scenarios. To develop the stochastic optimization
model, the demands, the supply, the fixed opening
facility, the transportation time between facility, the cost
of having a contract between facility, and the budget are
considered as uncertain parameters with uniform
distribution. Let Q be the set of all possible scenarios and
6 a particular scenario. According to the above
description, the presented model and notations
aremodified as follows:

Sets:

Q

Set of potential scenariosd € Q

Parameters:

Ty Probability of scenario 6

Cig Fixed cost of locating TC at potential location i for scenario 6

C o Fixed cost of locating hospital at potential location 4 for scenario 6

Cypo Fixed cost of locating shipping agent at potential location v for scenario 8
C Cost of having a contract of hospital i with shipping agent v for scenario 6
t g Transportation time between TC and hospital for scenario 8

t o Transportation time between hospital and TC for scenario 6

taio Transportation time between airport and TC for scenario 8

trio Transportation time between recipient zone and TC for scenario 8

o Arrival flow of organ o coming from domestic donors for scenario 6

sy Arrival flow of organ o coming from abroad for scenario 6

B, Available budget for scenario 8

Dyos Demand of recipient zone k for organ o for scenario 6

Decision variables:

X 0
B!cB
X io
X o6
Xhaod
Xaiod
Xkiof

1, if hospital h is covered by shipping agent v for scenario 8; and 0 otherwise

Organ shortage in recipient zone & for scenario 6

Flow of organ o from hospital /4 to TC for scenario 6

Flow of information and blood requirement of organ o from hospital / to TC for scenario 8
Flow of organ o from hospital % to airport a for scenario 8

Flow of organ o from airport a to TC for scenario 6

Flow of organ o from recipient zone k to TC for scenario 6

Formulation:

MinZ1 = M,?XZ T[HBkg

0
MinZ, = Zna

G}

H v
Zchzh+ZCizi'+Zc,,wv+Z Z c gx g<B, V6,
h v
h i v

yOSZhI thH,OEO,
: : i€el,o€o,

0 €O,

Vo € 0,

x =, t o>t
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24)

(25)

(26
(27)

(28)

(29)

(30)
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I

thioa = (52,0 + S26)Vho» vheH,0€0,6, (€2))
i
Xnioo < (529 + Ste)Vios VheH,i€l,0€0,8, (32)
Zx,'u-oa < 50 Vnor Yhe H,0€ 0,0, (33)
i
x}; < SohoYior VhEH,i€1,0€0,0, (34)
Z xhaoB S S(flhayhO’ Vh E Hla E Al 91 (35)
a
1 H
Z Xgiog — Z Xhaoo = Va€A,0€0,0, (36)
i n
K H
Zx = thwa + Z Xgio Viel,o€ 0,0, (37)
k h a
A H
Zx < Zsﬁha Vior Viel,o€0,8, (38)
a h
v
Zx,,hg <1, Vh € H, 0, (39)
v
1
> Xtoo + Beo = Diass vk €K,0€0,6, (40)
! v
Yho Szxvhal thHIOEOIHI (41)
v
v
ZW,, >1, (42)
v
Xpno SHWV , VveV,heH,®E, (43)
w, < Z Xpho, Yvev,e, (44)
h
Zp, ZI:" Yho'ygo' Wy, Xpne € {0,1}, Vi, h,0,v,0, (45)
Xhiog» Xhao8» Xaiod» Xkiod» Xnios» Bre = 0,int, Vi, h,0,a,k,0, (46)
In this model, probabilities are associated with scenarios, wherex is the vector of decision

and a solution is sought which is immunized against all
possible scenarios. The probabilities assigned to scenarios
represent the importance of each scenario in an uncertain
environment. A scenario is a description of a future
situation and the course of events that enables one to
progress from the original situation to the future situation.
The hypotheses used to build a suitable scenario must
simultaneously be relevant, consistent, plausible,
important, and transparent to meet all of desirable criteria
(Pishvaei et al., 2009).

4. Numerical Example

In this section, thee-constraint method is described briefly.
Assume the following MOMP problem:

Min(f; (x), fo(X), .., f,(x))

s.t.

XeS.

variables, f (x), (%), ..., f(x)are p objective functions,
and S is the feasible region. In the ¢-constraint method, we
optimize one of the objective functions using the other
objective functions as constraints, incorporating them in
the constraint part of the model as shown below.

Minf; (x)

S.t.

f(x) = ey,

f3(x) = e,

() = ep,

XeS.

In order to properly apply the e-constraint method, the
ranges of at least p—1 objective functions are needed,
which will be founded by calculating the utopia and nadir
points of each objective function. By parametrical
variation in the RHS of the constrained objective
functions (e;),the efficient solutions tothe problem are
obtained in the objective functions range.This method is
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applied to the small and large-sized problems and the

obtained Pareto solution, as shown in Table 1.

Table 1
E-constraint method
Problem Size OF » o OF
592332.4 556
458042 586
361373.5 616
308515.8 646
202773.1 676
AxTxTxl %242 1256902 30 706
85401.2 736
73539.2 766
67497.7 796
64005.7 826
5. Computational Results shows the higher degree of complexity of the stochastic
model. For applicability evaluation of the proposed
In order to assess the performance of the proposed models, a numerical example is implemented and reported
stochastic model, two test problems are selected; in each in this section. Table 3 shows the obtained Pareto solution
size, three scenarios are considered.The scenarios for the tithe two test problems. As shown in Table 3, the
two test problems are described in Table 2. The first objective function has a conflict that increasing one of the
scenario in each problem that has a higher probability has objective function causes reduction in the other one. It
been used as nominal data for deterministic model; the should be noted that all the results are obtained by GAMS
number of variables and constraints for the two models 22.9 software using Core i7 and 8.0GB of RAM.
Table 2
Value of the parameters used in the model
w ox o QT Dok Son Soh Ch ¢ Cy Con thi ta; thi B’
uniform uniform . uniform . uniform . . . .
uniform uniform~ uniform uniform uniform uniform .
~ ~ B ~ ~ ~ ~ ~ ~ uniform~
1 5
[700,850  [180,300 (300,700 890100 1140 900 [4000,7000]
]’ ]’ [90,150] ]’ 0] ]’ [1,2] [10,60]  [40,110]  [40,90] J
uniform uniform uniform uniform i i i i %
2 - - - - uniform~ unirorm unirorm unirorm unirorm unirorm uniform~
X 2 3 - - - - -
*
E [750,900 [230,350 [100,200 [450,650 [700,900] [70,200] [1,3] [20,70] [60,150]  [50,120] [6000,12000]
x ] ] ] ]
uniform uniform . uniform . . . . . .
uniform uniform~ uniform uniform uniform uniform uniform .
~ ~ - ~ N N ~ ~ ~ uniform~
32 [950,120
[630]’890 [150]’280 [70,130] [500]’650 0] [90,170]  [24]  [30.90] [70,160] [30,95] [7000,10000]
uniform uniform . uniform . uniform . . . . .
N N uniform N uniform~ N uniform uniform uniform uniform uniform~
1 5 ” - ” ” -
[800,100 [12000,1800
[350]’450 [100]’200 [70,120] [300]’700 0] [100]’200 [1,2] [10,60]  [40,110]  [40,90] 0]
ifi ifi ifi ifc .
g un ~0rm un ~0rm un ~0rm un ~0rm uniform~ uniform uniform uniform uniform uniform uniform~
" 2. - - - - -
é ’ [450,600 [150,350 [100,200 [450,650 [700,900] [13000,1700
& ’ ’ ’ ’ ’ [70,200]  [1,3] [20,70]  [60,150] [50,120] 0]
g ] ] ] ]
uniform . . uniform . . . . . . p
N uniform uniform N uniform~ uniform uniform uniform uniform uniform uniform~
> ) ) [950,120 - - - - ~ [15000,2100
[330.390 [90,150]  [70,100] [500.650 Oi [90,170] [2.4] [30,90] [70,160]  [30,95] 0]’

] ]
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Table 3
Computational result under nominal data
Problem Size Stochastic Model Deterministic
Model
OFV, OFV, OFV, OFV,
123842.8 735 592332.4 556
122590.7 736 458042 586
114326.7 745 361373.5 616
4xTxT1%2%2 108752 751 308515.8 646
90534 781 202773.1 676
79794 811 125690.2 706
77904 828 85401.2 736
- - 73539.2 766
- - 67497.7 796
- - 64005.7 826
- - 62892.5 842
150399.9 785 2227959.2 608
124096 798 1370975 643
86131 808 904458 683
8+22+30% 1 %442 75718 818 475748 723
70268 828 205603 763
67893 838 76897 803
67396 842 51620 843
- - 51230 846
Opening and closing a facility is both an expensive and GAMS22.9. Then, the solutions were assessed under each
time-consuming process; thus, changing facility location scenario by allowing the model to update their decision
is impossible in the short run. On the other hand, variables on quantity of flows between facilities
determining the quantity of flow between network (continuous variables) under each scenario. It should be
facilities as a tactical decision is more flexible to change mentioned that the location and the number of facilities
in the short run. Therefore, to assess the performance of (binary variables) cannot be changed, as shown in Table
the deterministic and stochastic models under each 4.
scenario, firstly, the small-scalemodelwassolved by
Table 4
Computational result under realization
Problem size S . Scenario Feasibility state No. of constraints No. of variables
IxH+*K+xA*xVxO cenarios probability Deterministic Stochastic Deterministic Stochastic ~ Deterministic ~ Stochastic
1 0.5 feasible 49076.8
AxT*Tx1%2%2 2 0.3 infeasible 39906.9 372 1044 248 670
3 0.2 feasible 17099.3
The optimal value of binary variables shows that the
stochastic model determines the number and location of References
facilities in a way that they can satisfy all the scenarios. It
is obvi.ou.s frorp Table. 4that the dqterministic modql Alagoz, O., Schaefer, A.J. & Roberts, M.S. (2009).
results in infeasiblesolutions fo.r scenarios 2. Therefore, it Optimizing organ allocation and acceptance,in: P.
can be concluded Fhat deterministic model is unable to Pardalos, E. Romeijn (Eds.), Handbook of
handle data uncertainty. Optimization in Medicine, Springer, 1-24.

Belien, J., De Boeck, L., Colpaert, J., Devesse, S., & Van
den Bossche, F. (2011). Optimizing the supply chain

. . . . design  for organ transplants.Hoge  school-
In this paper, we have developed mixed-integer nonlinear UniversiteitBrussel Faculteit Economie en

programming model that minimizes the total Management, Working papers.

transportation time and maximum organ shortage. With Belien. J., De Boeck. L., Colpaert, J., Devesse. S. &
regard to handling the uncertain nature of some input . ’ T

parameters, a scenario-based stochastic approach has been
utilized. Computational results show that the stochastic

6. Conclusion

Van den
Bossche. F. (2013). Optimizing the facility location
design of organ transplant centers, Decision Support

model could handle data uncertainty; therefore, it can be Systems, 54 (4), pp.1568-1579
concluded that the proposed MINLP model can be used as Benneyan T C. and Musdal. H. and Ceyhan. M. E. and
a powerful tool in practical cases. Considering the model Shiner. B. & Watts. B. \,'_(201 2). “Spe':ciaity' care

under the dynamic nature of facilities and facility single and multi-period location—allocation models
disruptions, utilizing other efficient methods to cope with within the Veterans Health Administration”. Socio-
the uncertainty can be taken into account as the future Economic Planning Sciences, 46 (2) 1367148’

research in this field. Bruni, M. E., Conforti, D., Sicilia, N., & Trotta, S.
(2006). Aneworgan transplantation location—allocation
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