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Abstract: Despite the large and rapidly growing global blood transfusion diagnostics market, it still
cannot meet the blood demands worldwide. Medical institutions often resort to postponing or canceling
elective surgeries to cope with blood shortages, which not only affects patient treatment but also
increases the risk of preventable deaths. In this study, we examined a bi-objective inventory routing
problem (IRP) for blood products, taking surgical delays into account. Correspondingly, a bi-objective
mixed-integer programming model was developed with two objectives of minimizing the total costs
and the total weighted surgical delay time simultaneously. To solve the model, a hybrid algorithm
combining the e-constraint method, the decomposition method, and the variable neighborhood search
(VNS) approaches was designed. Specifically, the bi-objective IRP was first transformed into a series
of single-objective IRPs based on the framework of the e-constraint method, and then each single-
objective IRP was decomposed into two subproblems of blood product distribution and vehicle routing
optimization, which could be solved by the CPLEX solver and the VNS separately. Comparisons with
the non-dominated sorting genetic algorithm (NSGA-II) and the augmented &-constraint method
(AUGMECON?2) on small- and large-scale instances demonstrated the efficiency and effectiveness of
the proposed model and algorithm. Finally, sensitivity analyses revealed that the proposed optimization
model provides guidance on setting appropriate hospital inventory capacities under different scenarios,
and shows that reducing transportation cost is an effective way to improve the efficiency of the blood
supply chain (BSC).
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1. Introduction

Although nearly 120 million units of blood are donated each year, it is still insufficient to meet
global blood demands [1]. Many patients cannot obtain safe blood in time, leading to many avoidable
deaths. According to a report from the UK, the number of blood transfusion-related deaths in 2024
increased by approximately 55.3% compared to 2023, accounting for about 30.5% of total deaths, with
transfusion delay still being the second most common cause. In addition, transfusion delays also caused
6.3% of severe reaction cases [2].

In recent years, due to frequently occurred blood shortages, postponing elective surgeries has
become a common practice in medical institutions. In June 2025, the UK’s National Health Service
issued a warning about a blood shortage to avoid triggering a ‘red alert’, which means that all non-
emergency surgeries and treatments will be forced to be postponed [3]. In July 2025, a blood shortage
forced Portugal’s largest public hospital to postpone a wave of planned surgeries. Management
maintained the operation of trauma and oncology wards by putting all non-life-saving surgeries, from
knee replacements to benign tumor removals, on hold [4]. Although the postponement of surgeries due
to blood shortages is a common practice in reality, few scholars have taken it into account in issues
related to the BSC management.

Most research on IRP for blood products mainly focuses on economic goals, and often quantified
blood shortages as a cost. However, the consequences of blood shortages, such as delayed surgeries,
untreated patients, and fatalities, are often immeasurable, which differentiate blood product
management from that of general perishable goods. Moreover, the limited shelf life of blood products,
rendering expired units unusable, further complicates blood product scheduling. On one hand, low
blood inventory levels serve to prevent waste caused by expired blood, but they leave healthcare
facilities vulnerable to blood shortage risks. On the other hand, hospital blood banks often maintain
high inventory levels to ensure timely fulfillment of blood demand, which not only drives up inventory
costs but also increases blood product wastage. Therefore, achieving a trade-off between cost-
efficiency and the prompt response to patient requirements constitutes a key challenge in the
management of BSC.

In this study, we investigate a bi-objective IRP for blood products, considering the postponement
of surgeries due to blood shortages. Then, a bi-objective mixed-integer linear programming model is
formulated, pursuing the simultaneous minimization of total costs and weighted surgical delay time.
To solve the model, a hybrid algorithm based on the e-constraint and decomposition methods is
designed. By converting the bi-objective problem into a set of single-objective problems and
subsequently decomposing each of the latter into two subproblems (i.e., blood product distribution and
vehicle routing optimization) to be solved individually, this algorithm reduces the complexity of
problem-solving while preserving the quality of the obtained solutions. Numerical experiments
conducted on small- and large-scale instances confirm that the proposed algorithm exhibits better
performance than AUGMECON2 and NSGA-II in terms of solution diversity and convergence. Finally,
we conduct two sensitivity analyses to examine the impact of hospital inventory capacity and
transportation cost on the two objectives, and several corresponding managerial insights are derived.

The structure of this paper is outlined as follows: In Section 2, we present a concise review of the
literature in the field. In Section 3, we elaborate on the description and mathematical formulation of
the bi-objective IRP. In Section 4, we provide a detailed illustration of the algorithm proposed in this
study, whereas in Section 5, we report the results derived from numerical experiments and sensitivity
analyses. Finally, in Section 6, we draw the conclusions and limitations of this research and identify
potential directions for future research.
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2. Literature review

Given the limited literature on the IRP for blood products, in this section, we mainly review
literature in three aspects: (1) IRP-related research for blood products; (2) IRP for perishable products;
and (3) solution methods for IRP. Finally, the research gaps are summarized, and the research problem
of this paper is presented.

2.1. IRP-related research for blood products

BSC refers to a complete process of collecting blood from donors, then processing, testing, storing,
and transporting it to patients for transfusion, including several consecutive stages: collection,
production, inventory, and delivery [5]. The IRP for blood products involves two key stages of
inventory management and routing planning of the BSC, which are directly related to surgical delays.

Hemmelmayr et al. [6] first proposed a blood delivery scheme for the Austrian Red Cross to reduce
travel cost, not allowing blood shortage. Afterward, they considered stochastic blood product usage and
introduced four recourse policies to deal with blood shortages and designed a VNS method [7]. Kazemi
et al. [8] studied a blood IRP under uncertainty to minimize routing, inventory, and wastage costs and
proposed an iterative branch-and-cut algorithm, in which stock-out was not permitted. Jafarkhan and
Yaghoubi [9] introduced transshipment and substitution mechanisms into the IRP for red blood cells
to decrease the total cost and proposed an adaptive large neighborhood search (ALNS) method. Liu et
al. [10] constructed a vendor-managed IRP for blood products to minimize operational costs and
developed a decomposition-based algorithm. Vincent et al. [11] investigated a two-stage stochastic
vendor-managed IRP for the blood distribution system to minimize transportation and operational costs
separately, and proposed a three-stage heuristic algorithm that integrates perturbation heuristics, ALNS,
and exact methods. Qing et al. [12] studied a multi-period blood IRP under uncertainties in demand,
supply, and travel times, and formulated a robust optimization model to minimize the total cost. They
proposed an integrated algorithm based on the L-shaped framework combining benders decomposition
with a branch-and-price-and-cut to obtain an exact solution.

In recent years, aside from inventory control and route optimization decisions, many scholars have
considered more stages of the BSC in their research, such as blood collection, facilities location, and
production. In contrast to the IRP for blood products, the BSC literature tends to achieve multiple goals,
such as minimizing time-related goals [13—17], reducing the remaining life of blood [18], improving
service level [19], increasing network’s resilience [15], and reducing the number of workers [15].

2.2. IRP for perishable products

Blood products are a type of perishable product. The perishable IRP refers to the optimization
problem where a single supplier is responsible for delivering perishable products to a set of customers
within a limited planning period. Shaabani [20] reviewed the perishable IRP across five dimensions:
the number of products, the type of product, the type of demand, the number of objective functions,
and solution approaches. They focused on the importance of IRP that integrates inventory management
with vehicle routing decisions.

Unlike traditional IRPs, the perishable IRP requires special consideration of the product’s spoilage
characteristics. There are mainly two types of spoilage of perishable products in literature research:
One type of product has a fixed lifetime and will become unusable after expiration, and the other type
gradually deteriorates over time at a certain rate. Most researchers focus on the first type of perishable
product, while for the second type, Azadeh et al. [21] presented an IRP model with transshipment for
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a single perishable product, and assumed that products deteriorate at an exponential rate. Timajchi et
al. [22] proposed a bi-objective IRP for hazardous and deteriorating pharmaceutical items to minimize
the costs and accident loss simultaneously, in which the medicines deteriorate under a constant rate
during storage. Dai et al. [23] studied a cyclic IRP for perishable products with stock and price
dependent demand, and calculated the loss cost based on the deterioration rate. The sensitivity analysis
indicated that an increase in deterioration rate led to higher total costs and required more frequent
replenishment to maintain the same inventory level. Cuellar-Usaquén et al. [24] studied an IRP for
agri-food with fixed percentage perishability and analyzed the impact of the perishability percentage
on the platform’s revenue.

Regarding shortages, Diabat et al. [25], Shaabani and Kamalabadi [26], and Azadeh et al. [21]
assumed that no stock-out occur in their studies. Hu et al. [27], Alvarez et al. [28], and Zhang et al. [29]
indicated that the demands must be fully met through model constraints. Some other scholars use
backorder or lost sale to describe stockouts in their research. When stock is insufficient, a backorder
refers to unmet demand deferred for later delivery, whereas a lost sale refers to such demand
permanently lost. Mirzaei and Seifi [30] presented a perishable IRP model and formulated the cost of
lost sale as a linear or an exponential function of the inventory age. Timajchi et al. [22] introduced a
parameter to represent the proportion of patients on backorder and explored the impact of this
parameter on transshipment strategies in sensitivity analysis, thereby optimizing route selection to
reduce accident risk.

2.3. Solution methods for IRP

IRP, as an integrated optimization framework for inventory management, vehicle routing, and
delivery scheduling, was first introduced by Bell et al. [31]. Moreover, Coelho et al. [32] provided a
comprehensive review of IRPs, summarizing solution methods from two perspectives: exact
algorithms and heuristic algorithms.

Most studies on IRP for blood products or perishable items have established single-objective
mathematical models. A few scholars adopt branch-and-cut or benders decomposition methods to
obtain exact solutions for smaller-scale problems. However, due to the NP-hard nature of the IRP,
heuristic algorithms have become the mainstream for solving large-scale practical problems. VNS,
ALNS, local search, tabu search, simulated annealing, genetic algorithm, or hybrid metaheuristic
algorithms based on them are widely used. In addition, some hybrid heuristic algorithms adopt the idea
of a decomposition method to break down complex problems into computationally tractable
subproblems to balance solving efficiency and quality [10].

Research on IRP-related BSC management often needs to balance multiple conflicting optimization
objectives. General methods for multi-objective optimization problems mainly include: the weighted
sum method, the e-constraint method, and multi-objective evolutionary algorithms [33]. Among them,
the e-constraint method is considered one of the most effective approaches for solving bi-objective
optimization problems. This method does not require the unification of the dimensions of objective
functions, nor does it rely on the decision maker’s prior knowledge, as the weighting method does;
moreover, it improves the drawback of the multi-objective evolutionary algorithm, where the quality of
the approximate Pareto solutions provided may differ from the optimal solutions to some extent.

2.4. Gap analysis

The literature covered in this paper is summarized in Table 1, which comprises the IRP for blood
products and perishable products as well as the BSC involving inventory and routing decisions.
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Through a comparative analysis of the reviewed studies in terms of objective functions, treatments of
shortages, and methodologies, the research gaps are summarized as follows.

(1) Most BSC studies, including IRP for blood products, primarily pursue cost-oriented objectives
for healthcare providers, whereas patient-centered objectives remain largely overlooked. Although the
broader BSC literature has embraced multiple objectives, no attempt has been made to jointly consider
surgical scheduling alongside blood product delivery. Particularly in the context of blood shortages,
deferring elective surgeries is a common practice in clinical settings, and its successful execution is
critically dependent on effective BSC management.

(2) Blood shortages pose a persistent challenge in BSC operations. Transshipment and
substitution are common strategies in BSC studies to cope with shortages, whereas deferring elective
surgeries represents a complementary and underexplored perspective. In perishable IRP, stockouts are
typically modeled as backorders or lost sales. Blood products, however, differ from ordinary
perishables in that their unmet demand cannot arbitrarily be treated as lost sales; furthermore, the
deferral of blood demand is particularly time-sensitive, as it may lead to deterioration of patient
conditions and necessitate the reconfiguration of medical resources.

(3) With respect to solution techniques, most studies on IRP for blood or perishable products are
designed for single-objective optimization problems and have developed numerous algorithmic
approaches accordingly. In contrast, the solution methods for multi-objective IRPs are relatively scarce,
rendering this a valuable challenge that deserves dedicated research efforts.

Table 1. Literature review.

Objective Treatment of ~ Method-
Problem  Author
Number Cost Shortage =~ Wastage Others shortages ology
Hemmelmayr et al. [6] 1 v Not permitted VNS
Hemmelmayr et al. [7] 1 v Recourse policiesVNS
Jafarkhan and Yaghoubi Transshipment
1 v . . ALNS
[9] and substitution
IRP for . .
blood Kazemi et al. [8] 1 v Cost Not permitted BAC
00
Liu et al. [10] 1 v Cost Cost DBA
products i
Vincent et al. [11] 1 v Cost Cost HA
Qing et al. [12] 1 v' Penalty costCost HA
. . Transshipment
Cheng et al. [34] 2 v' Penalty cost Satisfaction oo PDA
and substitution
Agac et al. [35] 1 4 GA
BSC Darestani and Mousazadeh . v Inventory sharinglLS and
. . [36] and substitution ALNS
involving )
. Samani et al. [37] 1 v Cost Cost FP
iventory
. Xu and Szmerekovsky )
and routing 38 1 v Cost Cost Transshipment ~ SP
decisions [38] ) ) )
Khalilpourazari and Transportation
i . 2 v . RO
Hashemi Doulabi [13] time

Continued on next page
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Objective Treatment of Method-
Problem  Author
Number Cost Shortage Wastage Others shortages ology
a7 . o Multiple
Shirazi et al. [16] 2 v Blood flow time Substitution o
heuristics
. ) Transshipment
Momenitabar et al. [19] 2 v Cost  Service level o FA
and substitution
. Remaining life of
Zahiri et al. [18] 2 v Cost DEA
blood
BSC Vertical and
involving Yang et al. [17] 2 v" Cost Delivery time  horizontal HA
inventory integration
and routing . Unsatisfied ACM and
. Farrokhizadeh et al. [39] 2 v
decisions demand LRA
. ) Unsatisfied Transportation
Khalilpourazari et al. [14] 3 v ) NP
demand time

Times, network’s

resilience and

Rekabi et al. [15] 4 v Cost ACM
number of
workers
Diabat et al. [25] 1 v No TS
Shaabani and Kamalabadi
v No SAA
[26]
Hu et al. [27] 1 v No HA
Rohmer et al. [40] 1 v ALNS
Alkaabneh et al. [41] 1 Profit BD
BAC and
Alvarez et al. [28] 1 Profit No
HA
Zhang et al. [29] 1 Profit No KS
Usaquén et al. [24] 1 Reward ASLP
IRP for
. Kumar et al. [42] 1 4 Cost DEA
perishable
Soysal et al. [43] 1 v Cost Backorder DA
products
Azadeh et al. [21] 1 v Cost GA
Mirzaei and Seifi [30] 1 v Cost Lost sale HA
RCR and
He et al. [44] 1 v Cost Lost sale
BD
Dai et al. [23] 1 v Cost Lost sale HA
Nikzad et al. [45] 1 v Cost MP
Timajchi et al. [22] 2 v Cost Accident loss  Partial backorder GA
Satisfaction and
Niakan and Rahimi [46] 3 v Cost Quantitygreenhouse gas Backorder FA
emissions

Notes: BAC: Branch-and-cut; DBA: Decomposition-based algorithm; HA: Hybrid algorithm; PDA: Primal-dual algorithm;
GA: Genetic algorithm; LS: Local search; FP: Fuzzy programming; SP: Stochastic programming; RO: Robust optimization;
FA: Fuzzy approach; DEA: Differential evolutionary algorithm; ACM: Augmented e-constraint method; LRA: Lagrangian

relaxation approach; NP: Neural-learning process; TS: Tabu search; SAA: Simulated annealing algorithm; BD: Benders
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decomposition; KS: Kernel search; ASLP: Adaptive stochastic lookahead policies; DA: Deterministic approximation; RCR:

Robust counterpart reformulation; MP: Mathematical programming.

In this study, we propose a bi-objective IRP for blood products, which addresses blood shortages
by pursuing not only cost minimization but also the reduction of weighted surgical delay time. To solve
the proposed bi-objective mathematical programming model, the e-constraint method is used to
convert the bi-objective IRP into a series of single-objective IRPs. A decomposition-based method is
then applied, breaking the single-objective IRP into a blood product distribution subproblem and a set
of independent vehicle routing subproblems, which are solved using the CPLEX solver and VNS,
respectively. Experimental results demonstrate that the proposed algorithm achieves good diversity
and convergence of solutions on small- and large-scale instances. In addition, sensitivity analyses are
conducted to investigate the effects of hospital inventory capacity and transportation cost on the total
cost and weighted surgical delay time, and corresponding managerial insights are provided.

3. Problem description and formulation

The IRP for blood products can be described by a complete digraph J = {V',A} , in which
V' = {0, L.. .,n} denotes a set of vertices and 4= {(i,j) L, jeVi# j} denotes a set of arcs. The set
of vertices V' consists of a blood center numbered 0 and a set of hospitals V = {1, 2,00, n} . Within a

T

time horizon 7 = {1, 2,..., }, a fleet of homogeneous vehicles K = {1, 2,..., 1K |} with capacity is

responsible for transporting blood products from the blood center to hospitals to satisfy the surgical
demands. The blood demand for elective surgeries is deterministic and time-varying, which depends
on the surgical schedule and the Maximum Surgical Blood Order Schedule (MSBOS) that
deterministically quantifies blood units per procedure [47]. The types of surgical procedures vary

/4

across hospitals and are denoted as W = {1,2,..., }, each with distinct requirements for blood

products and different priorities for delay. Each hospital has a maximum inventory capacity limit of
blood bank. When the blood supply is unable to satisfy the blood demands in the current period, the
selective surgeries in hospitals are often postponed and satisfied until the amount of blood products is
abundant at later periods. Additionally, because the blood product has a lifespan, expired blood
products cannot be used to meet surgical demands and will incur costs.

Based on the above description, a bi-objective IRP for blood products is proposed in this study to
optimize inventory control, blood product distribution, and vehicle routing planning simultaneously
with two objectives: minimizing the total cost and minimizing the total weighted surgical delay time.
The decisions in each period are as follows: 1) which hospitals need to be visited, 2) how much blood
products need to be delivered to the hospitals, and 3) how to plan specific delivery routes for the
vehicles. The bi-objective IRP for blood products is shown in Figure 1.
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Blood Center

‘IJ Hospital

Vehicle

Figure 1. Bi-objective IRP for blood products.

To simplify the problem and focus the optimization model on exploring the trade-off between
surgical delays and costs, the following assumptions are made:

* The initial inventory level of each hospital blood bank is 0, which characterizes the extreme
conditions arising from blood shortages.

* Blood product transported from the blood center to hospitals is fresh but deteriorates during
storage and cannot be used once it exceeds its shelf life.

* Each vehicle starts its journey from the blood center and returns there upon completing its blood
transport mission.

* Each hospital can be visited by a vehicle at most once per period, and splitting delivery volumes
is not allowed.

To facilitate the formulation of this problem, relevant parameters and variables are defined as
follows.

Parameters:
I : Initial inventory level of hospital i

S’ : Blood supply to the blood center in period ¢

U, : Maximum inventory level of hospital

D;, : The number of type-w surgeries scheduled at hospital i in period ¢
a,, : Average amount of blood product requirement of type-w surgery
p,, . Priority of type-w surgery

¢; : Distance between vertices i and j

u : Unit transportation cost

h;: Per-inventory holding cost of hospital i

e : Unit cost of expired blood products
B : Vehicle capacity

L : Shelf life of blood products

M : An arbitrarily large number

0 : An arbitrarily small number
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Decision variables:
x:’ : The binary variable equals one if vertex i is visited directly after vertex j by vehicle & in period

t; otherwise, it is equal to zero.
y: The binary variable equals one if vertex i is visited by vehicle & in period #; otherwise, it is

equal to zero.
g"" : Quantity of blood products delivered to hospital i by vehicle k during period .

d;; : The number of type-w surgeries that scheduled at hospital i in period ¢ and satisfied by blood
products delivered in period ¢ (if ¢>¢, the surgeries scheduled in period ¢ are satisfied by the
remaining blood inventory at the beginning of period #; if ¢ <¢', they are satisfied with delay. Notably,
t'=|T|+1 indicates that the surgeries are canceled).

1! Inventory level of hospital i at the end of period +.

E! : Quantity of expired blood products of hospital i in period .

Based on the above description and notation, the bi-objective inventory routing problem (BOIRP)
for blood products is formulated as follows.

BOIRP
Min f;=> 3> uc,xl' +> > h, max(O,Il.’)+eEf (1)
tel keK i,jeV’ teT ieV
Min f, = ZZ Z B.dL max (0,¢' —1 +MZZZﬂde‘T‘+1 @)
ieV weW t,t'eT ieV weW teT
st. I'=1"+>q"-E/ -> a,D, VieV,tel
i i o i i = w7 iw (3)
<S8 VteT
2.2 4)
I <U, VielV,teT (5)
di!=0 VieV1<t<|T|-Lit+L<t'<|T|,weW (6)
d' =D, VieV,ieT,weW
el U{|T|+1} " (7)
Ya'=> > ad! VieV,ieT
keK weW t'eT (8)
=>q"->>ad, VielViteT
keK weW t'eT (9)

Dol =Y xM=y" VieV,teT,kekK
jer' jer' (10)

kt :
<1 VielV,teT
1;{ (11)
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' <Uy" VieV,teT,kekK (12)
g >0y" VieV,teT,kek (13)

kt kt
;‘L— <Byf VteT,kekK (14)

kt
;;x/ <|c]-1 vCgV.C|22teT,kekK 15)

x v e{01}, E,q">0, di e,

1

Vi,jeV,keK,teT,t’eTu{|T|+1},weW (16)

Objective function (1) minimizes the total costs of transportation, inventory holding, and expired
blood products. Objective function (2) minimizes the total weighted surgical postponement time,
where the postponement time of canceled surgeries is treated as a very large number. Constraint (3)
represents the inventory balance at the hospitals. Constraint (4) ensures that the total quantity of blood
products delivered to hospitals in each period does not exceed the available blood supply. Constraint
(5) limits the inventory levels to the maximum capacity of the hospitals. Constraint (6) prohibits the
use of expired blood products to meet surgical demands, while Constraint (7) implies that surgical
demands in hospitals can be delayed or canceled. Constraint (8) specifies that blood products delivered
to hospitals are used to meet surgical demands occurring in different periods. Constraint (9) calculates
the quantity of expired blood products. Flow conservation is enforced through Constraint (10).
Constraint (11) ensures that each hospital is served by a vehicle at most once per period. Constraint
(12) specifies that each vehicle delivers blood products only to the hospitals it visits, with the delivery
quantity not exceeding the hospital’s inventory capacity. Constraint (13) prevents the vehicle from
visiting nodes with zero delivery quantity. The vehicle capacity constraint is imposed by Constraint
(14), and the sub-tour elimination is enforced by Constraint (15). Finally, the ranges and domains of
the decision variables are defined in Constraint (16).

4. Solution method

Due to the complexity of the proposed bi-objective IRP model, it is time-consuming to obtain
exact Pareto fronts. Therefore, we design an e-constraint and decomposition-based algorithm to obtain
approximate Pareto fronts. First, the algorithmic framework of the e-constraint method is presented,
which converts the bi-objective IRP into a series of single-objective IRPs. Then, the decomposition of
a single-objective IRP is elaborated, and then the algorithm is summarized.

4.1. e-constraint method

The e-constraint method was first proposed by Haimes et al. [48], which is widely applied to solve
bi-objective optimization problems. This method facilitates the acquisition of Pareto fronts by
transforming a bi-objective problem into a sequence of single-objective problems and iteratively
solving them to obtain a set of Pareto solutions.

For the BOIRP in this study, objective function (2) is transformed into a constraint subject to ¢
limitations expressed as constraint (17), yielding a single-objective inventory routing problem
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(SOIRP).

SOIRP

Min fi=>> > uc,xl +> > h max(O,I[’)+eE[’

tel keK i,jeV’ tel ieV

s.t. zz Z ﬂwdlt‘i max O t'—t +MZZZﬁde\T\+1 -

ieV weW t,t'eT ieV weW tel

Constraints (3)—(16)

For the original BOIRP, the ideal point ( £, m‘“) and nadir point ( S ma") can be

obtained by solving the following models, where X denotes the set of feasible solutions.

£ =min f;(x) st xeX (18)
S =min f, (x) st xeX (19)
S =min fi(x) st fi=f", xeX o)
A =min f, (x) st fi=f"™, xeX Q1)

Accordingly, the e-constraint method can be presented in Algorithm 1.

Algorithm 1 e-constraint method
1. Determine the range of ¢, that is [ e zmax];

Create aset F' and add point ( £ m‘“) to it;

For ¢=f™ —0 to £™ //o isasmall positive number
Solve the SOIRP with the current value of ¢ to generate an optimal solution x;
Add point (£ (%), /,(%)) toset F;
Let e=f,(X)-0o;

End for

Delete non-dominated solutions from set F';
Output set [, which constitutes the Pareto front of the BOIRP.

A A e B

4.2. Decomposition method for SOIRP

When iteratively solving the SOIRP in Algorithm 1, finding solutions within a reasonable time
frame is challenging due to the complexity inherent in this NP-hard model. Therefore, it is imperative
to decompose the SOIRP into tractable subproblems and solve them individually to enhance the
solution efficiency of the problem. In this study, the SOIRP can be divided into a blood product
distribution subproblem and a series of independent vehicle routing subproblems, which are elaborated
as follows.
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4.2.1. Blood product distribution subproblem (BPDP)

The BPDP determines the quantity of blood products delivered to hospitals regardless of detailed
routes, which is derived from the SOIRP without route-related variables and constraints. In the BPDP,
decision variables y" and ¢ of the SOIRP are replaced by Y' and Q' with similar meanings,

by assuming an aggregated vehicle with an accumulated capacity responsible for the blood product
transportation task. Accordingly, the transportation cost can be estimated by assuming direct delivery
of blood products from the blood center to the hospitals. Subsequently, the BPDP can be established
as follows.

BPDP
Min f, = ;;uzqow +ZT:ZV:h max (0,1 ) + k] (22)

st. I'=I1""+Q/ —E! —w;VawaW VieV,teT (23)

;:Q; <S" VteT (24)

o > ;;awdx Viel,teT (25)

E' =0 - ZEV:V ;awdi’; VielV,teT (26)

O <UY' VielV,teTl (27)

O >0y VielV,teT (28)

;Q; <B|K| VteT (29)

Y {01}, E.,0 20, d'eZ, VieV,iel,/'eTU{T|+1},weW (30)

Constraints (5)—(7) and (17)

Objective function (22) minimizes the approximate total costs, including estimated transportation
cost, inventory cost, and expiration cost. Constraints (23)—(29) convey the same meanings as
Constraints (3), (4), (8), (9), (12), (13), and (14), respectively. Constraint (30) defines the ranges of the
decision variables.

As the BPDP does not involve the subtour elimination constraint presented in the SOIRP, it can
be solved more quickly using the CPLEX solver. However, a solution to the BPDP that satisfies
Constraint (29) may not satisfy Constraint (14), which implies that no feasible solution to the SOIRP
can be found. This is because the presumed vehicle performing the transportation assignment complies
with the aggregated capacity limit but may violate the capacity requirement for individual vehicles. To
address this issue, we find that verifying the feasibility of the BPDP solution with respect to the
individual vehicle capacity constraint can be modeled as a classic bin packing problem, which can be
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effectively solved by the First Fit Descending heuristic described in Algorithm 2. The idea of
Algorithm 2 is: Iteratively assign the hospital with the largest blood product delivery quantity to the
vehicle with the largest remaining capacity until all hospitals are allocated; if this cannot be achieved,
it indicates that the BPDP solution fails to satisfy the individual vehicle capacity constraint.

Algorithm 2 Bin-packing based feasibility check for individual vehicle capacity
1. Input the set of visited hospitals H' ={i eV

Y= 1} in period ¢ and corresponding delivery
quantity Q' obtained by solving the BPDP.

2. Initialize remaining capacity R, of each vehicleinset K to B,ie., R =B.

[98)

Set fag' < 0; //tag' is a binary variable and indicates whether all visited hospitals can be
assigned to vehicles in period ¢ or not.

Sort hospitals in set H' in descending order of Q! to obtain set H'.
. For i=1 to ‘[:I’

If (O <R;)
Assign hospital i to vehicle k.
Update R <R, -Q.

4
5
6. Find the vehicle k with the maximum remaining capacity R;.
7
8
9

10. Else

11. tag' <1; //Unallocated hospitals exist in period ¢.
12. Endif

13. End for

14. Output tag'.

The solution obtained from the BPDP is feasible for the SOIRP only if the visited hospitals can
be assigned to the set of vehicles across all periods. If not, we can adjust the delivery quantity of blood
products by adding Constraint (31) to the BPDP and solve it iteratively until a feasible solution is found.

17

ZQ}SB VteT‘tag’:l (31)

i=[K|

Constraint (31) restricts the last ‘I:I ' —|K |+1 hospitals in set H' with smaller delivery

quantities to be served by a single vehicle. Thus, the first |K |—1 hospitals with larger delivery

quantities can each be served by a separate vehicle, ensuring the solution satisfies the individual vehicle
capacity constraint.

4.2.2. Independent vehicle routing subproblem (IVRP)

Based on the set of visited hospitals H' and corresponding delivery quantity Q! obtained from

solving the BPDP, a set of IVRPs can be formulated to determine the specific delivery route in each
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period, as shown below. The decision variables X, and Z; are derived from x;' and y in the

)

SOIRP, with similar meanings, respectively.
IVRP
: k
Min f_ = z Z uc, X (32)

keK i, jeH" {0}

s.t. jE;J{O}X!.’;:jEI;{O}Xﬁ:ZZk VieH' ,keK (33)
;Q;Zfsg VkeK (34)
;;X;g|c|_1 VCc H'|C|>2,keK (35)
kEZKZ[":l VieH' (36)

X,z {01} Vi, jeH U{0},keK (37)

Objective function (32) minimizes the exact transportation cost. Constraints (33)—(35) hold the
similar meanings to constrains (10), (14), and (15), respectively. Constraint (36) ensures that all
hospitals in set H' must be visited by a vehicle. The binary decision variables are defined in
Constraint (37).

As one of the methods extensively used to solve vehicle routing problems, VNS is introduced in
this study to solve the IVRP. The VNS enlarges the search scope by changing neighborhood structures
from the simplest to more complex ones, which is powerful for exploitation. The four popular
neighborhood structures used in this study are listed below.

Insert within a path: A hospital is relocated on the same path.

Swap within a path: Two hospitals on a path exchange their positions.

Insert between two paths: A hospital is moved from one path to another path.

Swap between two paths: Two hospitals on different paths exchange their positions.

The VNS employed to solve the IVRP is described in Algorithm 3, where the initial solution is
derived from checking the feasibility of the BPDP solution via Algorithm 2.

Algorithm 3 VNS for vehicle routing problem

. Input a set of neighborhood structures G, (s=1,...,5,,. ) .

Generate an initial solution x via Algorithm 2.
. Randomly reinsert 50% of the hospitals in the initial solution x to form a new solution x’.
. For s=1 to s,

If (f,,c(x”)<frc(x')) then
X ex" s 1,

1
2
3
4
5. Generate a local optimum solution x” from the neighborhood G, (x').
6
7
8. Else
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9. s<s+1.
10. Endif
11. End for

12. Output the best solution x and f,, (x)

4.3. Decomposition-based heuristic for SOIRP

Based on the decomposition method detailed in Section 4.2, a heuristic combining the CPLEX
solver and VNS is designed to solve the SOIRP. The BPDP is first solved by the CPLEX solver and
then checked via Algorithm 2, producing a set of visited hospitals and the corresponding delivery
quantities of blood products. Furthermore, the total weighted surgical delay time, inventory cost, and
expiration cost can be computed. Then, using the initial route derived from Algorithm 2, VNS is
applied to address the IVRPs to determine the delivery route and the exact transportation cost. As a
result, the total cost can be calculated.

Based on the above, the decomposition-based heuristic algorithm for solving the SOIRP is
described in Algorithm 4.

Algorithm 4 Decomposition-based heuristic for SOIRP

1. Solve the BPDP with the current value of ¢ using the CPLEX solver to generate a set of visited
hospitals and corresponding delivery quantities.

2. Check the BPDP solution by Algorithm 2 until it is feasible for individual vehicle capacity;

3. Calculate f,, IC, and EC based on the checked BPDP solution; //IC denotes the
inventory cost and EC denotes the expiration cost.

4. Solve the IVRP by Algorithm 3 to determine the delivery route and f,, .

. Calculate f, <« f +IC+EC.
6. Output f, and f,.

4.4. Complete algorithm for BOIRP

According to the framework of the e-constraint method and decomposition mechanism elaborated
in previous sections, the complete heuristic algorithm for solving the BOIRP is developed in this
section. Like the e-constraint method, the first step of the complete algorithm is to acquire the range

of ¢ before the iteration starts. In Algorithm 1, the range of ¢ presented as [ S ] is determined

min

by solving three mixed-integer programming models exactly. Specifically, f,”" 1is derived from
Formula (19), while f;™ is obtained by solving Formula (21) before f™ is determined from

Formula (18).
Since the objective function of Formula (19) is not related to delivery routes, we approximate the
lower bound of ¢ by assuming an aggregated vehicle to deliver blood products, as in the BPDP model

AL
min

constructed in Section 4.2.1. The approximate lower bound of ¢ is denoted by f, and is obtained

by solving the following Model 1. This approximation reduces computational time by removing
vehicle routing decisions.

Model 1
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Min £,=> > > p,d"max(0,6'~t)+M> > > B.di"

ieV weW t,t'eT ieV weW teT

st. O/ <U, Viel,teT (38)

ELQ 20, d'eZ,, VieV, el eTU{l|+1},weW (39)
Constraints (5)—(7), (23)—(26) and (29)

Constraint (38) serves the same purpose as Constraint (27), and Constraint (39) specifies the
ranges of the decision variables.

To obtain the upper bound of &, we consider the worst case: no blood products are delivered to
hospitals by vehicles in any period, and all surgeries are cancelled. In this case, the total cost, including

transportation, inventory, and blood expiration costs, is zero, i.e., flmin =0 . The total weighted

surgical delay time can be calculated by fzma" =M Z Z Z B.D., .

iV welW tel

Thus, the approximate range of ¢ in the complete heuristic, i.¢., [ fzmi“, Azm“ } , 1s determined. Then,

the SOIRP is decomposed and solved by Algorithm 4 to acquire a set of approximate Pareto solutions.
The complete algorithm for solving the BOIRP based on the ¢-constraint and decomposition methods
is illustrated as Algorithm 5, with its flowchart shown in Figure 2.

_ e —
Algoritm1 Algorithm4 |
2 € -constraint method oS 7 Decomposition method = N
/
< SOIRP or Formula (17) >

. |
£, is obtained by

1
|
]
1
]
:
]
«— .
solving Model 1 [€] BPDP IVRP
1
1
]
1
|

Solve BPDP by CPLEX

Start

Determine an approximate

fZ"“\ = MZ Z ZﬂwDirw > range of &, i.e. _f‘z‘“i“ ,ﬁmax:|

ieV weW tel
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Figure 2. Flowchart of the complete algorithm.
5. Computational experiments

To showcase the contributions of this study, the following experiments are conducted. First, the
acquisition of the test data is introduced in Section 5.1. Then, in Sections 5.2 and 5.3, we present
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comparative experiments on small- and large-scale instances, respectively, where the proposed
algorithm (Algorithm 5) is compared with AUGMECON2 and NSGA-II. Similarly, decomposition
methods are also employed in these two algorithms. Finally, two sensitivity analyses are performed in
Section 5.4, and managerial insights are derived. All algorithms are coded in Java with CPLEX 12.6.3,
and the numerical experiments are run on a personal computer equipped with an Intel i5-13500H CPU
(2.60 GHz) and 16.0 GB of RAM.

5.1. Test instances

Since it is difficult to obtain real-world data or existing benchmarks suitable for our research, the
experimental data in this paper are drawn from the literature or generated randomly. Vincent et al. [11]
investigated an IRP for platelet based on historical data in Surabaya, Indonesia, which has one blood
center and 30 hospitals. We derive the coordinates of the blood center and hospitals from the map and
calculate the distances between them. The blood supply and demand are randomly generated based on
the information provided in this literature. Here, we set three surgery types (W = {1, 2,3} ), requiring

1, 2, and 3 units of platelet and with priorities of 1, 2, and 3, respectively. Other parameter values
required by the mathematical model are listed in Table 2.

Table 2. Parameters of the optimization model.

Parameter Value Resource Parameter Value Resource

S [100, 300] Generate randomly U, 10 Literature [11]
D;, [0, 5] Generate randomly u 645 Literature [11]
¢ Calculate based on h 680 Literature [11]

Literature [11]

a, {1,2,3} e 1400 Literature [11]
B, {1,2,3} B 50 Literature [11]
r 0 L 5 Literature [11]
0 0.001 M 100

Since the values of Objective function (2) are integers, it suffices to obtain the Pareto fronts of
the e-constraint method and Algorithm 5 by setting o to 0.5. The parameters of AUGMECON?2 and
NSGA_II shown in Table 3 are tuned, and the processes are provided in Appendix A.

Table 3. Parameters of AUGMECON?2 and NSGA_II.

AUGMECON2 NSGA 11
Parameter Value Parameter Value
Population size 100
. . Crossover probability 0.9
Number of grid points 3000 . .
Mutation probability 0.5
Number of generations 30

5.2. Results for small-scale instances

In this section, we compare the approximate Pareto fronts yielded by the proposed algorithm
(Algorithm 5), AUGMECON?2, and NSGA-II with the exact Pareto fronts obtained by the e-constraint
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method (Algorithm 1) using CPLEX. Specifically, the comparison considers the number of solutions,
the number of optimal solutions, the distance to the exact Pareto front, and the computational time.
Before computing the distance between Pareto fronts, the objective values of all solutions are
normalized to [0,1] using the ideal and nadir points of the exact Pareto front.

Fifteen instances across 3 scales are tested, with each scale characterized by 3 periods, 3 vehicles,
and a different number of hospitals (3, 4, or 5). Each scale has 5 instances, and each instance is run 3
times to obtain the average value. Since the planning horizon in these instances is shorter than the
lifetime of platelets, expiration is not considered. The e-constraint method with CPLEX fails to obtain
the complete exact Pareto front within 4 hours for larger-scale instances with more periods or hospitals.

The experimental results based on small-scale instances are shown in Table 4. The instance name
‘xTyN_z’ contains three numbers, x, y, and z, denoting the number of periods, hospitals, and instance
index, respectively.

Table 4. Experimental results for small-scale instances.

Number of .
Number of solutions optimal Distance to the exact Computation time (s)
Instance . Pareto front
solutions
Al A5 AA AN ASAA AN A5 AA AN Al A5 AA AN

3T3N.1 16 19 16 40 3 1 0 005 0.04 0.14 1066 65 511 2875
3T3N2 10 15 14 38 3 2 0 0.05 006 0.2 9.18 297 303 0375
373N3 15 14 14 35 5 1 0 005 005 02 1038 3.02 343 4236
3T3N.4 18 20 16 51 2 1 0 005 005 015 2821 456 3.65 /943
3T3NS 53 23 15 43 3 1 0 005 005 014 2012 432 421 4643
3T4N 1 16 25 17 43 3 1 0 01 008 029 2522 512 511 10707
3T4N 2 16 22 18 48 3 2 0 006 008 026 7997 456 687 15676
3T4N.3 32 27 19 40 3 2 0 01 011 027 2845 472 427 163.14
3T4N.4 18 29 17 47 2 1 0 008 0.09 027 3965 854 698 10234
3T4N.5 21 20 18 47 2 2 0 006 0.07 025 6221 761 699 9501
3TSN.1 41 28 24 34 2 1 0 0.08 0.09 026 8456 1424 914 9133
3TSN.2 28 26 23 38 0 1 0 02 01 031 5635 1245 7.7 5792
3TSN.3 28 23 31 35 0 1 0 009 008 029 4238 1343 687 14054
3TSN.4 32 36 21 34 2 1 0 0.08 0.07 026 123.13  14.65 697 940
3TSN.S 21 27 24 45 2 1 0 0.09 0.8 032 97.32 1030 897 147.78

Notes: Al: Algorithm 1; A5: Algorithm 5; AA: AUGMECON2; AN: NSGA_II.

From Table 4, it can be observed that Algorithm 5 and AUGMECON?2 yield a number of Pareto
solutions closer to that of the exact Pareto front. NSGA-II obtains far more Pareto solutions than the
other algorithms, and this number is almost unaffected by the instance scale. In terms of the number
of optimal solutions contained, Algorithm 5 outperforms AUGMECON?2 and NSGA-II, while NSGA-
II finds almost no optimal solutions. Regarding the distance to the exact Pareto front, Algorithm 5 and
AUGMECON? are evidently closer to the exact Pareto front, yet no clear winner can be distinguished
between these two algorithms. In terms of computational time, AUGMECON?2 is the fastest, Algorithm
5 is also faster than Algorithm 1, while NSGA-II performs the worst.

In summary, for small-scale instances, Algorithm 5 can obtain Pareto solutions closer to the exact
Pareto front than AUGMECON2 and NSGA-II. The distance between the Pareto front obtained by
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AUGMECON?2 and the exact Pareto front is comparable to that of Algorithm 5, and AUGMECON?2
has an advantage in computational time. NSGA-II, however, performs the worst in terms of solution
accuracy and computational time, although it is able to obtain the largest number of Pareto solutions.

5.3. Results for large-scale instances

For large-scale instances, we test 15 instances across 5 problem scales with 6, 7, 8, or 9 hospitals,
3 or 6 periods, and 3 vehicles, to compare the performance of the proposed algorithm (Algorithm 5)
with that of AUGMECON2 and NSGA-II. Larger-scale instances cannot yield the complete Pareto
front within 4 hours by Algorithm 5. Each problem scale contains 3 instances, each of which is solved
3 times to obtain the average value. If the planning horizon is shorter than the platelet lifetime,
expiration is not taken into account.

The performance of all algorithms is evaluated using the following four metrics. Since the ranges
of objective values are too large, all Pareto fronts need to be normalized to [0,1] before calculating
metric values, using the ideal and nadir points of the combined approximate Pareto fronts of the three
algorithms.

(1) Number of Pareto solutions: The higher the number of solutions, the better the algorithm’s
performance. This metric measures how well the algorithm covers the Pareto front.

(2) Diversification matrix [49]: This measure serves as a diversity indicator, evaluating the spread
of solutions within the Pareto front. Higher diversification matrix values suggest better diversification
capability. It is calculated as follows:

Y

\/( s _ )2 +( s _ )2 (40)

(3) Mean ideal distance [49]: This metric represents the convergence rate of the Pareto front,
specifically measuring the proximity of solutions to the ideal point. Smaller values of this metric
indicate a superior performance. In this study, the ideal point is defined as (0, 0), which can be

calculated as follows:
> ) "
||

mekF

where f" and f," denote the values of the two objective functions of the mth solution on the
Pareto front F'.

(4) Computational time.

Table 5 compares the five metric values among the three algorithms. The instance names follow
the same pattern as in Table 4.
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Table 5. Experimental results for large-scale instances.

Number of Pareto . . . . . . L
Diversification matrix Mean ideal distance Computation time (s)

Instance solutions
A5 AA AN A5 AA AN A5 AA AN A5 AA AN

3T6N 1 39 26 49 1.23 125 0.76 0.64 0.67 0.74 2234 11.87 157.33
3T6N 2 35 27 39 126 121 0.83 0.62 0.65 0.77 1432 10.96 154.73
3T6N 3 35 28 52 1.29 131 0.67 0.62 0.64 0.76 1580 8.33 148.89
3T7N_1 48 27 47 129 127 0.77 0.64 0.68 0.76 5397 1475 162.25
3TN 2 52 29 44 1.27 125 0.66 0.63 0.66 0.79 113.25 19.17 136.47
3T7N 3 38 28 37 127 124 0.8 0.66 0.68 0.77 34.63 13.72 134.26
3T8N 1 42 31 38 1.29 122 0.62 0.66 0.67 0.8 77.48 15.62 167.38
3T8N 2 42 28 42 124 127 0.64 0.63 0.66 0.82 59.02 4298 106.99
3T8N 3 47 32 35 1.31 1.19  0.62 0.63 0.65 0.78 51589 17.18 168.89
3T9N 1 57 29 33 128 126 0.59 0.65 0.69 0.81 71.79 13.42 92.95
3T9N 2 57 34 40 126 125 0.7 0.72 074 0.79 77.01 13.43 86.83
3T9N 3 47 30 44 126 129 0.72 0.69 0.72 0.78 320.01 15.58 144.54
6T3N 1 44 24 45 1.31 1.27  0.93 0.64 0.67 0.76 57.06 2134 72.69
6T3N 2 34 27 45 1.31 1.29  0.77 0.65 0.65 0.78 4995 19.83 149.98
6T3N 3 41 24 43 1.31 1.3 0.91 0.65 0.65 0.77 109.37 28.57 120.53

Notes: AS: Algorithm 5; AA: AUGMECON2; AN: NSGA _1I.

Table 5 indicates that Algorithm 5 and NSGA-II produce comparable numbers of Pareto solutions,
both markedly exceeding that of AUGMECON?2. The diversification matrix values of Algorithm 5 and
AUGMECON?2 are close to each other, yet both are considerably larger than that of NSGA-II.
Regarding the mean ideal distance, NSGA-II performs slightly worse than the other two algorithms,
while Algorithm 5 is marginally outperforming AUGMECON?2 across all instances. In terms of
computational time, AUGMECON?2 is the fastest, whereas NSGA-II is the slowest.

Given the above, for large-scale problems, Algorithm 5 and AUGMECON?2 outperform NSGA-
II in terms of solution diversity, convergence, and computational time, even though NSGA-II yields a
larger number of Pareto solutions. Algorithm 5 and AUGMECON?2 are comparable in diversity,
whereas Algorithm 5 possibly exhibits slightly better convergence, as reflected in its marginally higher
mean ideal distance values. Moreover, AUGMECON?2 requires the shortest computational time, and
this advantage becomes more pronounced as the instance scale increases, but it obtains the fewest
Pareto solutions. Although Algorithm 5 takes longer than AUGMECON?2, it is able to generate more
Pareto solutions.

5.4. Sensitivity analyses

In this section, we discuss the sensitivity analysis results with respect to hospital inventory
capacity and transportation cost, based on instance ‘3T6N 2’. Other parameters such as vehicle
capacity, hospital inventory cost, and expiration cost are also tested, but the results are insensitive to
these parameters. All experiments are carried out using Algorithm 5.
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5.4.1. Sensitivity to hospital inventory capacity

To analyze the sensitivity to hospital inventory capacity, the parameter is set to 10 (the base
instance), 20, 30, 40, and 50. The experimental results are illustrated in Figure 3.

30000
25000

20000

20
15000 30
40
10000 —e— 50

5000

Total weighted surgical dealy time

0

0 100000 200000 300000 400000 500000 600000 700000

Total costs

Figure 3. Sensitivity to hospital inventory capacity.

Figure 3 illustrates the trade-off between total cost and total weighted surgical delay time under
different hospital inventory capacities. Overall, the larger the inventory capacity, the more the curve
shifts toward the lower-left region. Specifically, the curve for capacity 10 lies in the uppermost-right
position and performs the worst, whereas the curves for capacities 20—50 shift markedly toward the
lower-left, indicating significant improvement, although the marginal benefit gradually diminishes. In
addition, the curves for capacities 20—50 can drive the surgical delay time close to zero at progressively
lower cost levels, whereas capacity 10 results in a total weighted surgical delay time of approximately
9,000 even at the highest cost level (about 600,000). This indicates that an excessively small inventory
capacity (the base instance) makes it difficult to eliminate surgical delays even with substantial
investment, and that enlarging inventory capacity can effectively reduce cost and surgical delays, while
the marginal benefit becomes very limited once the inventory capacity exceeds 40.

Therefore, if the budget is limited, capacities 20-30 can be selected to achieve satisfactory
surgical delay control at moderate cost; if low delay is pursued, capacity 40 can reduce the delay to
nearly zero at a cost of about 300,000; capacity 50 is not recommended, since it is almost
indistinguishable from capacity 40 and thus offers poor cost-effectiveness. Managers should determine
the investment scale near the inflection point of the curve (around a cost of 300,000), where cost-
effectiveness is maximized.

5.4.2. Sensitivity to transportation cost

To analyze the sensitivity with respect to transportation cost, this parameter is set to —50%, —25%,
0%, 25%, and 50% of its base value. The corresponding results are displayed in Figure 4.
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Figure 4. Sensitivity to transportation cost.

Figure 4 illustrates the trade-off between total cost and total weighted surgical delay time under
different transportation cost levels (—50%, —25%, 0%, 25%, and 50%). The figure exhibits a weakly
monotonic relationship: As the transportation cost decreases, the curve shifts toward the lower-left and
achieves better performance. Notably, the final minimum delay levels of all curves are similar,
converging to approximately 7,000-8,000; however, the lower the transportation cost, the less total
cost is required to reach this level. This indicates that the main benefit of reducing transportation cost
lies in achieving the same delay level with less total investment, rather than in pushing the delay below
its lower bound.

Therefore, reducing transportation cost is an effective way to improve the efficiency of the BSC,
but its primary value lies in saving total cost rather than significantly reducing the surgical delay time.
Managers should prioritize optimizing the transportation process and determine the investment scale
near the knee of the curve, where the marginal benefit is the highest.

6. Conclusion

In this study, we present a bi-objective IRP for blood products, addressing total cost and weighted
surgical delay time in the context of blood shortages. The proposed model integrates inventory control
and route optimization while considering the real-world challenge of elective surgery postponements
due to insufficient blood supply. The solution method combines the e-constraint method with a
decomposition strategy, dividing the IRP into a blood product distribution subproblem and independent
vehicle routing subproblems. By conducting numerical experiments on small-scale and large-scale
instances, the proposed algorithm achieves the best balance between solution diversity and
convergence, AUGMECON?2 is the most computationally efficient but yields the fewest Pareto
solutions, and NSGA-II performs the worst despite producing the largest number of Pareto solutions.
The sensitivity analyses concerning hospital inventory capacity and transportation cost yield several
management sights. Managerially, when the budget is limited, a hospital inventory capacity of 20—30
is cost-effective for satisfactory surgical delay control, whereas a capacity of 40 is preferable for
pursuing near-zero delay at a cost of about 300,000, and more capacity offers little additional benefit.
Reducing transportation cost mainly saves total cost rather than lowering the surgical delay, and the
investment scale should be set near the knee of the curve.
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This research advances the field by proposing a novel bi-objective IRP approach for blood product
scheduling, where cost and surgical delay time are considered as dual objectives. However, this study
has several limitations, including deterministic demand and supply, zero initial inventory, and no
differentiation of surgeries by urgency level. Researchers could therefore extend the model to
stochastic problems, incorporate more refined emergency prioritization, and adapt the framework to
other healthcare contexts, such as multi-product blood systems and regional coordination across
hospitals or regions. Developing more efficient algorithms to enhance robustness and scalability for
larger and more complex instances would further strengthen its practical relevance.
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