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Abstract 

The blood supply chain has several challenges, such as stochastic demand and supply, as well as the 
nature of the product itself and the relation between the various stages that compose it.  Besides, blood 
is a perishable, scarce and voluntarily supplied product used to perform vital transfusions in patients 
which increases the pressure of managing it as efficient as possible. The number of blood donations 
has been decreasing, even though blood demand tends to increase as the population ages, which is 
happening in Portugal. For these reasons, it is crucial to have good inventory management that allows 
the availability of the right kind of blood product at the right time and in the right amount and that avoids 
wastage. Accordingly, the present work aims to characterize the inventory management of the 
Portuguese blood supply chain and contribute to its improvement in hospital blood banks. The goal is 
to provide support for inventory policy decisions that minimize waste, scarcity, and total blood 
management costs. It is considered a case study of a Portuguese hospital which data enables the 
validation of the optimization model developed and allows to find the optimal inventory policy for it. The 
main insight from the analyses performed is that it is possible to better overall performance by reducing 
the inventory reference quantity S. 

Keywords: blood supply chain; inventory management; perishable products; optimization model 

 

1. INTRODUCTION 

Since the discovery of blood, even before it was 
known to be the responsible for transporting, 
regulating and protecting our body, that is recognized 
the importance that this component plays in our lives. 
When blood circulation mechanism was discovered in 
1613, began the development of the first experiments 
with blood transfusions. A transfusion is the process 
of administering blood or a certain blood component 
(platelets, plasma and red blood cells) from a donor 
into a recipient through a venous catheter (tube 
inserted into a blood vessel). Transfusions are 
necessary in situations where a large blood loss or 
loss/ impairment of one of the blood components’ 
function occurs, namely during or after surgery, in 
accidents with serious blood loss, or in patients 
treated for disease. At this time, most of the 
transfused patients had severe reactions, some of 
which led to death. The main cause of these reactions 
was the blood type mismatch between donor and 
recipient, as it was not until after that various blood 
types were discovered, more specifically the ABO 
and Rhesus blood group system. According to these 
systems, there are four blood types: A, B, AB and O 
which can be Rhesus+ or Rhesus-. Once the issue of 
incompatibility was overcome, the next step was 

 to develop processes and methods for extending the 
blood’s life span, as its rapid deterioration conditioned 
the amount of transfusions that could be performed. 
When in 1914, the first anticoagulants that allowed 

the storage of donations and accumulation of 
inventory began to appear, the creation of blood 
banks started to happen. Although the life span of 
blood units is currently increasing, it is nonetheless a 
perishable product with a short life, making it 
impossible to create inventory for long periods of time 
and forcing regular replenishment of blood units. 
Having a high level of service is a critical part of blood 
unit inventory management as it is vital that patients 
receive the necessary blood transfusions without 
delay. However, this same reason can lead to 
improper inventory accumulation which, due to the 
perishable nature of the blood, can translate into high 
levels of waste. These are the two key concerns 
regarding blood inventory management: the scarcity 
of product and the obsolescence of blood units. The 
consequences of the scarcity of blood units are 
evident, and may vary between postponing 
scheduled procedures or, in the most severe case, 
jeopardizing the patient's life. The concern with 
minimizing blood waste stems from the fact that blood 
is a short-lived perishable product which, if not used 
until its expiration date, becomes obsolete and must 
be discarded. Blood is a scarce resource, as in 
Portugal the only way to obtain it is through voluntary 
donations. In addition, a wasted blood unit also 
represents an economic loss, as all the processes to 
obtain it had associated monetary costs and an 
opportunity cost of not having been used by another 
hospital. For these reasons, the balance between 
storing sufficient inventory at the hospital to meet 
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demand without incurring waste represents the 
biggest trade-off of inventory management for this 
product. 

Thus, given the importance of the product in question, 
blood inventory management is a topic worthy of 
study. Moreover, the literature on the Portuguese’ 
blood supply chain (BSC) is scarce. Therefore, the 
objective of this paper is to characterize the 
Portuguese BSC in order to elaborate a mathematical 
optimization model to deal with inventory policy 
decisions. 

The rest of this paper is organized as follows. Section 
2 presents the case-study and the problem definition. 
Section 3 presents a literature review of blood 
inventory management, while section 4 presents the 
proposed optimization model. Section 5 presents key 
results. Finally, section 6 concludes the paper. 

 
 

2. CASE-STUDY 

The Portuguese BSC operates similarly to most of the 
supply chains studied in the literature. First there are 
the Collection and Production echelons’, which are of 
the responsibility of the Portuguese Institute of Blood 
and Transplantation (IPST) or some hospitals that 
can perform these activities. Then comes 
Distribution, when IPST receives requests from 
hospitals and distributes the blood units among them. 
And lastly, in hospitals, blood is stored in blood banks 
until a request from a patient. So, the BSC can be 
dived into 4 main echelons: Collection, Processing, 
Inventory and Distribution. This work focuses on the 
link between the blood distribution center and the 
hospital. The procedures used to manage blood 
inventory in the hospital considered for this paper are 
not well defined. In the hospital considered, according 
to the inventory policy (R, S) established, the quantity 
of inventory available is periodically checked and, 
depending on this value, orders are made to meet the 
demand for each blood type. The orders are met by 
the distribution center, which for the specific case of 
the case study being analyzed is the Centro de 
Sangue e Transplantação de Lisboa, which belongs 
to IPST. The total quantity of blood units to be ordered 
is given by the difference between the target 
inventory S of each blood type and the inventory 
position at the time of review. The inventory position 
is defined as the sum of the total number of units 
stored in the hospital blood bank and any amount that 
is in transit when the order is placed. When an order 
arrives at the hospital, the amount requested is 
available for use within its lifetime of M periods. Each 
order is identified by the period in which it was 
received and all blood units that are not used within 
M periods after arrival at the hospital must be 
discarded.  

 

Problem Scope Definition 

The procedures used to manage blood inventory in 
hospital banks are not well defined, yet they have 

proven to be efficient as waste is not much and there 
are no signs of scarcity. 

In this sense, the objective of this work is to improve 
the blood inventory management of red blood cells in 
hospital banks with a mathematical optimization 
model that minimizes waste, scarcity and total costs, 
maintaining product quality and safety. The 
underlying problem is to define an inventory policy 
(R,S) to be followed by the hospital, where R stands 
for the review frequency and S the inventory target 
level of each blood type. Five cost sources that are to 
be minimized are considered: ordering cost, storage 
cost, waste cost, shortage cost and incompatibility 
cost. 

 

3. LITERATURE REVIEW 

Common inventory models may be applied to blood 
inventory management, as well as work about other 
perishable products, such as Kopach et al. (2008), 
Janssen et al. (2016) and Pauls-Worm et al. (2014). 
The management of this scarce product whose 
availability depends on voluntary donations should be 
as efficient as possible and balance demand 
satisfaction with the least possible waste. There are 
many aspects that influence its management, namely 
the uncertainty in supply, demand and age and the 
amount of inventory received, the replacement 
relationships between various blood types in the 
blood transfusion process, the possibility of blood 
exchange between hospitals, two types of patients 
(those who need fresher blood and those who do not) 
and two types of demand (urgent and non-urgent) 
(Gunpinar & Centeno (2015)). In addition, one should 
also consider the existence of two types of inventory, 
assigned and unassigned, and the crossmatch-to-
transfusion ratio (C / T) as it may affect the levels of 
waste in the hospital (Cohen e Pierskalla (1975), 
Duan e Liao (2014)). As for demand, most works 
assume demand as known or that its uncertainty can 
be modelled using a Poisson distribution, for instance 
in Haijema et al. (2007) and Duan & Liao (2014). 
However, modelling uncertainty in this way is 
sometimes too simplistic to make the models 
meaningful in practice. An alternative to these options 
is to use stochastic programming that allows any 
stochastic process to approximate a finite number of 
scenarios (Dillon et al. (2017)). 

The replenishment policy (R, S) is the most used in 
the literature for blood inventory management, for 
instance in the work from Van Dijk et al. (2009), Zhou 
et al. (2011) and Pauls-Worm et al. (2014),  where 
there is a certain desired level of inventory (S) and, 
according to the existing inventory at the time of the 
review (R), the quantity order should reach that level. 
The top three performance measures for evaluating 
an inventory policy are unit scarcity and waste and 
costs. These measures are most commonly used as 
major trade-offs in blood inventory management, but 
it is also advisable to include measures regarding 
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product safety and quality (Beliën e Forcé (2012). 
Regarding the most commonly used resolution 
techniques for blood inventory management 
problems, according to Osorio et al. (2015), the first 
studies on blood management used more simulation 
models (Jennings (1973), Katsaliaki e Brailsford 
(2007)). Although simulation is a tool that can help 
decision making and replicate in more detail the 
aspects involved in blood management, it has some 
limitations, such as not necessarily obtaining an 
optimal solution. With the emergence and 
generalization of computational capacities, works 
began to resort to optimization models, such as 
Haijema et al. (2007),  Zhou et al. (2011) and Dillon 
et al. (2017)t. 

4. MODEL FORMULATION 

 

Problem Statement 

The models presented in this section are inspired by 
the work of Dillon et al. (2017). This is a stochastic 
model, as it is considered that there are uncertain 
data on the problem, namely in the demand, and it 
has two stages, as it is considered that some 
decisions can be taken after the uncertainty has 
materialized. A two-stage model means that decision 
variables are grouped into first-stage decisions, 
which must be made before uncertainty is realized, 
and second-stage decisions, which are made after 
uncertainty has materialized. For the problem at 
hand, first stage decisions constitute the definition of 
the parameters (R, S) on which the system will 
operate, ie, the frequency of revisions (R) and the 
target inventory level (S) for each blood type. The 
decisions of the second stage are those regarding the 
daily operation of the system in each of the scenarios 
considered in the model, such as the quantity to 
order. First stage decisions should be maintained for 
all scenarios considered to optimize the cost 
associated with first stage decisions and the 
expected cost of second stage decisions. Being a 
two-stage model allows the uncertain nature of 
demand to be represented by a finite number of 
realizations. That is, a scenario-based approach can 
be applied by explicitly associating a second stage 
variable with each search scenario. In addition to 
incorporating stochastic demand, the model also 
considers the substitutability characteristic between 
blood types. 

 

 

Given: 

 

1. The order placement, holding cost per day, 
outdate, shortage and substitution cost per unit; 

2. The time it takes from units to arrive from de 
distribution centre to the hospital; 

3. The shelf life of the product when it arrives to the 
hospital; 

4. The storage capacity of the hospital 

5. The compatibility matrix between all eight blood 
types; 

6. Blood type substitution priority auxiliary matrix; 
7. Demand of each blood type per period for each 

scenario considered; 
8. A fixed planning horizon; 
9. The initial state of the system; 

 

Determine: 

 

1. The optimal frequency of revisions (R)  
2. The optimal target inventory level (S) for each 

blood type; 
 

In order to: 

 

1. Minimize total costs; 
 
 

Mathematical Formulation 

The notation required for the model is presented in 
Table 1 along with the sets and parameters of the 
model. The decision-variables are introduced in 
Table 2.  

 

Table 1 – Sets and Parameters. 

 

Notation Description 

Sets 
𝛲 Time periods,  , ,    

 Review intervals,    

 Scenarios, ξ   

 Blood types, , ’   

Parameters 

Oρ Order placement cost per unit  

Hρ Holding cost per unit 

Kρ Outdate cost per unit 

Tρ Shortage cost per unit 

Qρ Substitution cost 

L Lead time 

M Shelf life of RBC 

𝑆𝛽
̅̅ ̅ Upper bound for the maximum stock 

position of blood type β 

𝑆𝛽 Lower bound for the maximum stock 
position of blood type β 

C𝛽, 𝛽′ Compatibility matrix (Cβ,β’ = 1, if demand 
of blood type β’ can be satisfied by blood 
type β; 0 otherwise) 

𝑄𝛽, 𝛽′ Blood type substitution priority auxiliary 
matrix (when the demand for tipo β’ blood 
may be satisfied by a different blood type 
β, 𝑄𝛽, 𝛽′  may take values from 1/8 to 7/8, 
where 1/8 represents the most favorable 
substitution, and 7/8 the least favorable) 

Wρ,γ Ordering periodicity matrix (Wρ,γ = 1, if ρ is 
an ordering period given periodicity γ; 0 
otherwise) 
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Table 2  – Decision-variables.  

 

First, the formulation of the integer mixed integer 
nonlinear programming (MINLP) is presented. Given 
the complex nature of this class of mathematical 
programming problems, the constraints are then 
reformulated to obtain an exact linearized version of 
the model, that is, a model that presents the same 
overall optimal solution that avoids the need to solve 
the MINLP problem. Also, two alternative models are 
developed, the no-cost model and the hierarchical 
model. 

 

• MINLP 

The formulation of the MINLP is as follows. 

 

Subject to: 

 

The unique periodicity constraint (2) defines that a 
single revision periodicity can be chosen from the set 
Γ of possible review intervals. Constraint (3) 
associates the ordering periodicity with the chosen 

review frequency, R=. For example, for a revision 

periodicity R==1, orders are placed for all periods 
considered, hence all rows in that column have the 
value 1. Constraint (4) defines the minimum and 
maximum limit of the target inventory level for each 
blood type β. Constraint (5) to (10) are associated 
with second-stage decisions and are therefore 
replicated for each scenario 𝜉 ∈ Ξ. Constraint (5) 
determines the quantity to order in each period. When 
ρ is a period of placing and order, ie νρ=1, the quantity 
to order is given by the difference between the target 
inventory level and the total inventory at the end of 
the previous period. Constraint (6) states that the 
quantity of blood units of type β of the order placed in 

 − 𝐿 is equal to the sum of the amount of blood units 

used from the time the order arrives () to end of the 

lifespan of these blood units ( = min {  +  − 1, 
|𝛲|}), with the amount of blood units in this order that 

P(ξ) Probability associated with scenario ξ 

D(ξ)ρ,β Total blood type β demanded in period ρ in 
scenario ξ 

I Maximum substitution level 

E Maximum outdate target 

F Minimum service level 

Θρ Last period which blood units received in ρ 

can be used, given by the expression ρ = 

min {ρ +  − 1, 𝛲} 

Πρ First period which blood units received in ρ 

can be used, given by the expression ρ = 

max {1, ρ -  + 1} 

Notation Description 

Decision Variables 
c(ξ)χ,ρ,β Quantity of blood units of type β received in 

period χ, used in period ρ, for 1 ≤ χ ≤ ρ ≤  

e(ξ)ρ,β Amount of outdated blood units of type β 
received at period ρ  

f(ξ)ρ,β Unmet demand in period ρ of blood units of 
type β  

i(ξ)ρ,β On hand inventory in the beginning of 
period ρ in of blood units of β  

it(ξ)ρ,β Quantity of total inventory (on-hand and in 
transit) at end of period ρ of blood units of 
type β  

p(ξ)ρ,β’,β Quantity of blood units of type β  used to 
fulfill demand of blood type β’ in period ρ 

q(ξ)ρ,β Order quantity of units of blood type β in 
period ρ 

sβ Inventory target (S) of blood type β 

uγ Auxiliary binary variable in determining 
periodicity R (uγ=1, então γ=R) 

νρ Auxiliary binary variable indicating whether 
an order of the blood unit in period ρ is 
placed (νρ =1) or not (νρ =0) 

c(ξ)χ,ρ,β Quantity of blood units of type β received in 

period χ, used in period ρ, for 1 ≤ χ ≤ ρ ≤  

e(ξ)ρ,β Amount of outdated blood units of type β 
received at period ρ  

min ∑ 𝑃(𝜉)

𝜉

[∑ (𝑂𝜌𝜈𝜌𝑞(𝜉)𝜌, 𝛽 + 𝐻𝜌𝑖(𝜉)𝜌, 𝛽 

𝜌,𝛽

+  𝑇𝜌𝑓(𝜉)𝜌, 𝛽 + 𝐾𝜌𝑒(𝜉)𝜌, 𝛽

+ ∑  𝑄𝛽, 𝛽′ 𝑄𝜌  𝑝(𝜉)𝜌, 𝛽′, 𝛽 

𝛽′

)] 

 

(1) 

∑ 𝑢𝛾 = 1 

𝛾

 
(2) 

∑ 𝑊𝜌, 𝛾 × 𝑢𝛾 = 𝜈𝜌, ∀ 𝜌 

𝛾

 (3) 

0 ≤ 𝑠𝛽 ≤ 𝑆𝛽
̅̅ ̅, ∀ 𝛽 (4) 

𝑞(𝜉)𝜌, 𝛽 = (𝑠𝛽 − 𝑖𝑡(𝜉)𝜌 − 1, 𝛽) × 𝜈𝜌, 

∀ 𝜌 ≤ 𝑃 − (𝐿 + 1), ∀ 𝛽, ∀ 𝜉 
(5) 

𝑞(𝜉)𝜒 − 𝐿, 𝛽 = ∑ 𝑐(𝜉)𝜒, 𝜌, 𝛽

𝜃𝜒

𝜌=𝜒

+ 𝑒(𝜉)𝜒, 𝛽, 

∀ 𝜒 > 𝐿, ∀ 𝛽, ∀ 𝜉 

(6) 

∑ 𝑐(𝜉)𝜒, 𝜌, 𝛽

𝜌

𝜒=𝜋𝜒 

=  ∑  𝐶𝛽, 𝛽′ × 𝑝(𝜉)𝜌, 𝛽′, 𝛽

𝛽′

, 

  ∀ 𝜌, ∀ 𝛽, ∀ 𝜉 

(7) 

∑ 𝐶𝛽, 𝛽′ × 𝑝(𝜉)𝜌, 𝛽′, 𝛽

𝛽

+ 𝑓(𝜉)𝜌, 𝛽′ = 𝐷(𝜉)𝜌, 𝛽′, 

  ∀ 𝜌, ∀ 𝛽′, ∀ 𝜉 

(8) 

(𝜉)𝜌, 𝛽 = ∑ ∑ 𝑐(𝜉)𝜒, 𝜏, 𝛽

𝜃𝜒

𝜏=𝜌+1 

,

𝜌

𝜒=𝜌+1 

 

∀ 𝜌 ≤ 𝑃 − 1, ∀ 𝛽, ∀ 𝜉 

(9) 

𝑖𝑡(𝜉)𝜌, 𝛽 = 𝑖(𝜉)𝜌, 𝛽 + ∑ 𝑞(𝜉)𝜒, 𝛽,

𝜌

𝜒=𝜌−𝐿+1 

 

∀ 𝜌 ≤ 𝑃 − 1, ∀ 𝛽, ∀ 𝜉 

(10) 

𝑢𝛾 ∈ {0,1}, ∀ 𝛾 (11) 

𝜈𝜌 ∈ {0,1}, ∀ 𝜌 (12) 

𝑒(𝜉)𝜌, 𝛽, 𝑓(𝜉)𝜌, 𝛽 , 𝑖(𝜉)𝜌, 𝛽, 𝑖𝑡(𝜉)𝜌, 𝛽, 𝑞(𝜉)𝜌, 𝛽 ∈ ℤ+ (13) 

𝑝(𝜉)𝜌, 𝛽′, 𝛽 ≥ 0, ∀ 𝜌, ∀ 𝛽′, ∀ 𝛽, ∀ 𝜉 (14) 
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were outdated. Constraint (7) defines that the number 

of blood units of type β received from period  to 𝜌 
and used in 𝜌, equals the number of blood units of 
type β used to fulfill the demand for β’ in this period. 
Constraint 8) states that the total amount of demand 
of blood units of type β in period ρ is equal to the sum 
of the amount of units of blood type β to fulfill β’  blood 
type’s demand in period ρ and the unmet demand of 
blood units of β’ . Constraint (9) defines that the 
amount of stored blood of type β at the end of period 

ρ equals the amount of blood received in period  and 
used in period 𝜏. Constraint (10) states that the total 
blood inventory of type β in period ρ equals the sum 
of stored inventory and inventory in transit. 
Constraints (11) and (12) define the domain of binary 
auxiliary variables and constraints (13) and (14) 
represent the domain of the remaining  

variables. 

 

• MILP 

Constraints (5) that model the quantity to order can 
be replaced by a set of linear constraints (15)-(17) to 
reduce the complexity of the model. Thus, the model 
reformulation from MINLP to MILP is as follows:  

 

• Alternative Formulations 

From the MILP model presented, an alternative 
model is developed that can restrict the amount of 
unmet demand, the amount wasted blood and the 
number of substitutions made. That is, in addition to 
minimizing the number of replacements, waste and 
scarcity by minimizing total costs, minimum level of 
transfusions of the same blood type (18), a maximum 
level of waste (19) and a minimum level of service are 
required. (20) for each blood type: 

With these three additional constraints it is possible 
to formulate the first alternative model as follows: 

 

The second alternative model does not have into 
consideration the substitution, waste and shortage 
cost components of the original objective function  

of the model, since by imposing the set of constraints 
(18) - (20) the desired values for these parameters 
are already obtained. This model is called Alternative 
Model 2 and the formulation is as follows: 
 

. 

5. CASE-STUDY RESULTS 

This section presents the application of the model to 
the hospital’s case study. The model is implemented 
in Python, on a computer equipped with a 2.4 GHz 
Intel Core i5 processor and 4 GB of RAM. The input 
data used is presented in Table 3, unless otherwise 
stated. 

 

Table 3 – Input Data. 

 

 

 

 

 

 

 

 

 

The following performance indicators are used to 
evaluate the different inventory policies: total cost, 
average age of transfused units, return of units, 
unmet demand, average daily inventory and 
transfusions from same blood type. The model was 
used to study and compare different inventory policy 
scenarios, more precisely, six alternative scenarios 
are tested. The first phase of the results analysis 
consists in comparing the performance the optimal 
policy generated by the model, which is called 
Optimal Scenario, against the performance of the 
current policy, named Current Scenario. Then the 
optimal policy is considered in more detail in order to 
understand the contribution of each blood type in the 
performance indicators. In a second phase of the 
analysis, the inventory policy whose target values’ S 
are defined through the IPST recommendations, 
which is called the Minimum Recommendation 
Scenario and the Good Recommendation Scenario. 
Then, the impact of not allowing blood substitutions is 
examined in the so-called Optimal Scenario without 
Substitutions. Finally, the behaviour of the optimal 
policy when demand uncertainty is introduced, called 

(1)-(4)  

(6)-(14)  

𝑞(𝜉)𝜌, 𝛽 − (𝑠𝛽  −  𝑖𝑡(𝜉)𝜌 − 1, 𝛽)  ≤ 𝑆𝛽
̅̅ ̅ × (1 − 𝜈𝜌), 

  ∀ 𝜌 ≤ 𝑃 − (𝐿 +  1), ∀ 𝛽, ∀ 𝜉 
(15) 

𝑞(𝜉)𝜌, 𝛽 − (𝑠𝛽  −  𝑖𝑡(𝜉)𝜌 − 1, 𝛽)  ≥ 𝑆𝛽
̅̅ ̅ × (𝜈𝜌 − 1), 

  ∀ 𝜌 ≤ 𝑃 − (𝐿 +  1), ∀ 𝛽, ∀ 𝜉 
(16) 

𝑞(𝜉)𝜌, 𝛽 ≤ 𝑆𝛽
̅̅ ̅ × 𝜈𝜌, ∀ 𝜌 ≤ 𝑃 − (𝐿 +  1), ∀ 𝛽, ∀ 𝜉 (17) 

∑ 𝑝(𝜉)𝜌, 𝛽, 𝛽

𝜌

 ≥ 𝐼 × ∑ ∑  𝐶𝛽′, 𝛽 × 𝑝(𝜉)𝜌, 𝛽, 𝛽′

𝛽′𝜌

, 

  ∀ 𝛽, ∀ 𝜉 

(18) 

∑ 𝑒(𝜉)𝜌, 𝛽 

𝜌≤𝑃−𝛭+1

 ≤ 𝐸 × ∑ 𝑞(𝜉)𝜌 − 𝐿, 𝛽

𝜌≤𝑃−𝛭+1

 , 

  ∀ 𝛽, ∀ 𝜉 

(19) 

∑ ∑ 𝑝(𝜉)𝜌, 𝛽′, 𝛽 ≥ 𝐹 × ∑ 𝐷(𝜉)𝜌, 𝛽

𝜌|𝜌>𝐿

, ∀ 𝛽, ∀ 𝜉

𝛽′

 

𝜌>𝐿

 (20) 

(1)-(4) 

(6)-(20) 

min ∑ 𝑃(𝜉)

𝜉

 [∑(𝑂𝜌𝜈𝜌 𝑞(𝜉)𝜌, 𝛽 + 𝐻𝜌𝑖(𝜉)𝜌, 𝛽 )

𝜌,𝛽

] (21) 

(1)-(4)  

(6)-(20)  

Parameters 

Oρ 160 €/un 

Hρ 1,1 €/un/day 

Kρ 130 €/un 

Tρ 1340 €/un 

Qρ Qβ,β’ × 1340 €/un 

L 1 day 

𝛲  365 days 

M  35 days 
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the Optimal Scenario with uncertainty in demand. The 
results from each scenario are related bellow.  

 

• Optimal Scenario vs Current Scenario 

In this first phase, the model is applied in order to 
identify the optimal inventory policy that minimizes 
the total inventory costs. Then, the model is also 
applied to the current inventory policy in order to 
compare the results. The performance indicators 
suggested by the model for both scenarios, as well as 
the corresponding inventory policy (R,S), are 
presented in Tables 4 and 5. 

 

Table 4 – Performance indicators in the Optimal and 
Current Scenarios. 

 

Performance 
Indicators 

Optimal 
Scenario 

Current 
Scenario 

Absolute 
difference 

Total Cost 3 154 370 
9 207 
822 

6 053 452 

Return Units 198 21 049 20 851 

Return/Units 
Order 

1,08% 53,69% 53% 

Unmet demand 63 0 63 

Service Level 99,70% 100% 0,30% 

Avg. daily inv. 42 58 16 

Avg. age of 
transfused units 

14,3 20,9 6,6 

Exact match 
transfusions 

98,10% 96,60% 1,5% 

 

Table 5 – (R,S) values for the Optimal Scenario and 
Current Scenario. 

 

 

 

 

 

 

 

 

 

 

 

The Optimal Scenario performance is better than the 
Current Scenario, except for the service level. In the 
current policy, unmet demand is 0, while in optimized 
policy it is 63 out of 18176 blood units, corresponding 
to a service level of 99.7%. As for total costs, there is 
a significant difference. The total cost of the Optimal 
Scenario is approximately 34% of the cost incurred 
with the current inventory management policy. The 
main factor driving down the costs of the optimal 
policy is probably the amount of returned units, since 
it goes from approximately 54% to 1%. The quality of 
service also improves in the Optimal Scenario as the 
average transfusion age decreases by approximately 
6 days and there are more transfusions between 
blood types of the same group, as a result of more 
efficient use of blood units.  

These results suggest that current policy may be 
overestimating the need for blood units, leading to an 
increase in the average amount stored, the average 
age of transfusions performed, and a higher return of 
blood units. In addition, there is a bias to minimize 
scarcity, as current policy is able to provide a 100% 
level of service with the consequent increase of the 
amount of returned units. 

In order to better understand the results of the optimal 
inventory policy, the contribution of each blood type 
to the value of the key performance indicators 
presented above is broken down. These values are 
described in Figure 1. 

 

 

 

 

 

 

 

 

 

 

 

 

It can be observed in Figure 1, that A+ and O+ blood 
types, whose combined demand represents 73% of 
total demand, are the major contributors to holding 
costs, which is expected given that they have the 
highest inventory target. Transfusions of O+ demand 
are nearly all satisfied, but this blood type contributes 
the most to the total amount of return. Unlike A+, 
where the return level is lower, but it is the one with 
the most unmet demand. The remaining 6 remaining 
blood types (O-, A-, B-, B +, AB- and AB+) represent 
only 27% of total demand and do not have much 
impact on performance indicators, except for exact 
match transfusions. For this performance indicator, 
this blood type group accounts for 83% of the 336 
transfusions that use a different blood type. In terms 
of total cost minimization, for this group of blood 
types, it is more worthy to occasionally replace their 
demand for another blood type than to always have 
available inventory to use the exact match, which 
would eventually increase return. Note that the 
number of units that are returned from these 6 blood 
types only accounts for 40% of the total return.  

 

• IPST recommendation Scenarios 

The purpose of this analysis is to model with inventory 
policies based on IPST recommendations is used. 
According to these recommendations, hospitals 
should have a at least sufficient inventory for 4 days 
of normal consumption and it is considered to be a 
good amount of inventory if there is enough quantity 
to handle demand for 7 days. Given the hospital 
demand data for 2017 this recommendation 
translates to the inventory values (minimum and 

(R,S) 

 

Optimal 
Scenario 

Current Scenario 

R 1 1 

S 

 

O- 13 50 

O+ 53 80 

A- 12 50 

A+ 51 80 

B- 2 2 

B+ 9 7 

AB- 1 2 

AB+ 2 3 

Demand 

Avg.Inv. 

Unmet Demand 

Retorned Units 

Substitutions 

Figure 1 - Contribution of each blood type to 
Optimal Scenario Performance indicators. 
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good) shown in Table 6. The results of this scenarios 
are presented in Table 7. 

 

Table 6 – Average daily demand and IPST 
recommendations. 

 
Blood 
type 

O- O+ A- A+ B- B+ AB- AB+ 

Avg. Daily 
Demand 

4,
29 

17,
94 

4,
08 

18
,1
7 

0,
63 

3,
41 

0,26 1,02 

Minimum 
inv. 

18 72 17 73 3 14 2 5 

Good Inv. 31 126 29 
12
8 

5 24 2 8 

 

Table 7 – Performance indicators in the Minimum and 
Good Recommendation Scenarios  

 

Performance 
Indicators 

Minimum 
Recommendation 

Scenario 

Good 
Recommendation 

Scenario 

Total Cost 5 731 920 12 915 951 

Return Units 9 451 34 276 

Return/Units 
Order 

34,2% 65,38% 

Unmet demand 0 0 

Service Level 100% 100% 

Avg. daily inv. 52 64 

Avg. age of 
transfused units 

20,7 21,2 

Exact match 
transfusions 

99% 99,5% 

 

As can be observed, the minimum recommendation 
scenario suits the hospital demand best, because the 
other scenario has a higher total cost, number of units 
returned, and average transfusion age. However, the 
result of the optimal scenario remains better in all 
aspects (except the service level) than the Minimum 
Recommendation Scenario. 

 

• Optimal Scenario without Substitutions 

As in all scenarios analyzed so far, the amount of 
exact matches is almost 100%, and because it is 
considered to be a good hospital practice to perform 
as many transfusions within the same blood type as 
possible, the impact of not allowing substitutions to 
satisfy demand is analyzed. Table 8 and 9 
summarizes the results obtained. 

 

Table 8 – Average daily demand and IPST 
recommendations. 

 

Performance 
Indicators 

Optimal Scenario 
without 

Substitutions 

Differences from 
the Optimal 

Scenario 

Total Cost 3 379 800 +225430 

Return Units 422 +224 

Return/Units 
Order 

2,30% +1,22% 

Unmet demand 259 +196 

Service Level 98,60% -1,1% 

Avg. daily inv. 41 +1 

Avg. age of 
transfused units 

14,6 +0.3 

Exact match 
transfusions 

100% +1,9% 

 

Table 9 – (R,S) values for the Optimal Scenario 
without Substitutions. 

 

(R,S) 
Optimal Scenario 

without Substitutions 

R 1 

S 

 

O- 13 

O+ 53 

A- 12 

A+ 51 

B- 2 

B+ 9 

AB- 1 

AB+ 2 

 

From Tables 8 and 9 it is possible to notice that the 
results of this inventory policy and the optimal policy 
are similar. The review periodicity and inventory 
target levels remain the same except for O-, A- and 
AB+ blood types. As for performance indicators, they 
all worsen slightly. This leads to the conclusion that 
in a scenario where blood type substitutions are 
allowed, the inventory policy improves in all aspects 
assessed. Even so, the results from this scenario 
continues to be better than the results of the current 
policy, where there is flexibility for blood type 
substitutions to occur 

 

• Optimal Scenario with Uncertainty in 
Demand 

Since the optimal policy is the one that presents the 
best results for the demand of the year under analysis 
(2017), stochastic demand is introduced into the 
model in order to see how this effects the inventory 
policy. This uncertainty is established by a set of 
discrete scenarios associated with a given 
probability. The first step is to identify the probabilistic 
distribution that best fits the daily demand for blood 
units. Since this study is based on only one year of 
consumption, it is not feasible to assume from this 
sample which distribution best suits the hospital 
demand, so it is considered that demand can be 
modeled through a Poisson distribution, as in the 
works of Haijema et al. (2007) and Duan and Liao 
(2014). Thus, it is assumed that the search for blood 
units meets the conditions to follow a Poisson 

distribution with parameter . This parameter can be 
considered as the expected number of events in the 

considered range. As the  parameter is unknown, we 
use the maximum likelihood estimation method, 
which allows to use a sample to estimate the 
parameters of the probability distribution that 
generated it. The maximum likelihood estimator of the 

parameter  is the sample mean of n sample 
observations. At this stage, the search for each blood 
type is outlined individually and blood type 
substitutions are not explicitly considered. The 
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estimation for the distribution parameters of each 
blood type can be found in Table 10. 

  

Table 10 – Estimated parameter of demand 
distributions of each blood type 

 

Blood type O- O+ A- A+ B- B+ AB- AB+ 

̂ 4,29 17,94 4,08 18,17 0,63 3,41 0,26 1,02 

 

Once the probability distribution for modeling the daily 
demand for each blood type is defined, 100 scenarios 
are generated using the Monte Carlo scenario 
generation technique. Each scenario has 84 days, 
which corresponds to the 12 weeks of the planning 
horizon. 

The Scenario used to apply this is the Optimal 
Scenario without Substitutions. This decision to not 
consider substitutions between blood types is 
justified, not only by the fact that using a policy 
without substitutions does not have much impact on 
the overall policy performance, but also because it is 
considered to be a good hospital practice to resort to 
replacement of blood types only as a last resort. 
Thus, not considering the possibility of substitutions 
in the model, an optimal policy is generated where 
cases of unsatisfied demand can, in practice, be 
solved through the use of another compatible blood 
type. This decision no longer depends on the 
inventory policy but on the doctor's discretion. 

The results of this experiment are described in Tables 
11 and 12.  

Comparing the results of this scenario with the results 
of the Optimal Scenario without Substitutions, it can 
be observed that they are quite similar.The blood type 
which target inventory level is more different is O + 
and A +, as it goes from 53 to 48 units and 51 to 49 
units, respectively. Inventory target levels remain the 
same for blood types O +, B-, AB- and AB + and 
increase by 1 unit for blood types A- and B +. 

 

Table 11 – Performance indicators for the Optimal 
Scenario with Uncertainty in Demand. 

 

Performance 
Indicators 

Optimal Scenario 
with uncertainty in 

demand 

Total Cost 804 626 

Return Units 3% 

Return/Units 
Order 

95% 

Unmet demand 34,5 

Service Level 10,1 

Avg. daily inv. 100% 

Avg. age of 
transfused units 

804 626 

Exact match 
transfusions 

3% 

 

 

Table 12 – (R,S) values for the Optimal Scenario with 
Uncertainty in Demand. 

 

(R,S) 
Optimal Scenario with 

Uncertainty in 
Demand 

R 1 

S 

 

O- 13 

O+ 53 

A- 12 

A+ 51 

B- 2 

B+ 9 

AB- 1 

AB+ 2 

 

The number of units that are returned to the 
distribution center increases with demand 
uncertainty, representing 3% of the units ordered. 
This behavior is to be expected since, in this model, 
the optimal inventory policy (R, S) considers 100 
different demand scenarios, while in the optimal 
scenario the policy found is the one that best fits the 
demand for only 1 scenario. Still, the return value of 
units remains approximately 6% of the value of this 
performance indicator in the Current Scenario. 
Service level decreases, as does the availability of 
stored inventory. However, this level of service can 
be much higher in a real context, as the model does 
not account for the extra efforts the hospital can make 
when it does not have the necessary units to meet 
demand neither the fact that it can use compatible 
blood types to perform transfusions. The average age 
of transfusions decreases. 

 

Sensitivity Analysis 

 

A sensitivity analysis is conducted in this section to 
determine how inventory policy performance is 
affected when a particular parameter chosen is 
changed to correspond to a certain level, and the 
remaining parameters remain unchanged. The 
parameters analysed in this sensitivity analysis are 
the maximum return level and the minimum service 
level. For this purpose, Alternative Model 1 is used 
with different values for parameters E (maximum 
return level) and F (minimum level of service). For this 
analysis, Alternative Model 1 is considered instead of 
Alternative Model 2 because the presence of total 
costs in the objective function facilitates the 
comparison with other policies, and scenario 
analysed was the Optimal Scenario Without 
Substitutions. This scenario has a service level of 
98.6% and a return of only 2.3% of total orders. 
Considering as acceptable values of satisfied 
demand when the service level is greater than or 
equal to 95% and of quantity returned when the 
percentage of returns is less than or equal to 5%, the 
performance indicators in this scenario have very 
acceptable values. However, when analysing each 
type of blood individually, it is clear that there are 
some that perform below these desirable values. For 
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this reason, we first consider the performance 
indicators of each blood type individually and only 
then see how the performance of the inventory policy 
as a whole is affected. This analysis is summarized 
in Table 13 and allows the identification of blood types 
that may raise the most concerns in this inventory 
policy. 

  

Table 13 – Performance Indicators for each blood 
type in the Optimal Scenario Without Substitutions. 

 

Blood type Return/Units Order Service Level 

O- 0,5% 98,7% 

O+ 1,2% 99,9% 

A- 2,1% 96,4% 

A+ 0,6% 99,2% 

B- 29,3% 87,4% 

B+ 2,0% 96,2% 

AB- 52,6% 77,7% 

AB+ 17,8% 91,4% 

 

The types that present the worst values for the 
performance indicators considered are AB-, followed 
by B- and then AB +. For these three blood types, is 
analysed how the imposition of a value for parameter 
E, which helps to define a maximum number of units 
returned per ordering unit (abbreviated to R/O), and 
a value for parameter F, which assists in the definition 
of minimum service level (abbreviated to SL) changes 
the inventory target level and the parameters 
considered. This evaluation results in 6 different 
experiments, whose results are shown in Table 14. 
The grey-shaded line shows the value of the Optimal 
Scenario Without Substitution performance indicators 
of the respective blood type, to ease the comparison. 

 

Table 14 – Performance Indicators for each blood 
type in the Optimal Scenario Without Substitutions. 

 

Blood type Impositions R/O SL S 

AB- 

SL  95% 71% 95,7% 2 

 52,6% 77,6% 1 

R/O  5% 0% 0% 0 

B- 

SL  95% 50% 95,2% 3 

 29,3% 87,4% 2 

S=1 5,6% 59,1% 1 

R/O  5% 0 0% 0 

AB+ 

SL  95% 37% 96,5% 4 

 17,8% 91,42% 3 

R/O  5% 1,1% 75,1% 2 

 

Given this analysis, it is confirmed that there is a 
trade-off between the quantity available to meet 
demand and the quantity that has to be returned. In 
all cases, when the service level is increased, the 
percentage of units per order that must be returned 
increases as well. The balance between having 
enough inventory to meet demand and not incurring 

unnecessary waste depends on the criteria you 
prioritize, the level of service, or the amount of return. 
Thus, the overall performance of the inventory policy 
is analysed considering two alternative scenarios. 
One scenario prioritizes service level increase (SL 
Scenario) and therefore changes the target quantity 
of blood types AB- B- and B + to 2, 3 and 4 units 
respectively. Another scenario prioritizes the 
decrease in the percentage returned (R/O Scenario) 
and the target quantities of AB- B- and B + is changed 
to 0,0 and 2 units respectively. The amount of the 
other types and blood remains unchanged for both 
scenarios. The analysis of both scenarios is detailed 
in Table 15.  Figure 2 summarizes the variation of 
these scenarios from the Optimal Scenario Without 
Substitutions.  

In the N/S Scenario, the amount returned almost 
doubles and the impact on the overall service level is 
almost negligible, as well for total costs, which 
increased only slightly. In the R/O Scenario, there is 
a large decrease in the amount of return that implies 
a slightly lower level of service but a considerable 
cost increase. 

 

Table 15 – Performance Indicators of NS and R/O 
Scenarios. 

Performance 
Indicators 

NS Scenario R/O Scenario 

Total Cost 3434489 3705419 

Return Units 842 187 

Return/Units 
Order 

4,5% 1,1% 

Unmet demand 202 592 

Service Level 98,9% 96,7% 

Avg. daily inv. 41,5 40 

Avg. age of 
transfused units 

15,3 15,0 

Exact match 
transfusions 

100% 100% 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

6. CONCLUSIONS 

Blood inventory management should be as efficient 
as possible. There are many aspects to be taken into 
account when defining the best inventory policy. The 
Portuguese blood supply chain works like a typical 

Total Cost 

R/O 

SL 

NS Scenario R/O Scenario 

Figure 2 - Variation of key performance indicators 
of SL and R/O Scenarios from the Optimal 
Scenario Without Substitutions. 
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blood supply chain, but the current blood inventory 
management does not have a precise definition of the 
rules to apply. 

Considering the literature reviewed, it is concluded 
that the best approach to handle blood inventory 
management is through an optimization model that 
can help define optimal inventory policies (R,S). 
Within the optimization models analysed throughout 
the literature review, the basis for this paper was the 
model developed by Dillon et al. (2017). This choice 
is justified by the fact that this work presents a 
formulation that can be adapted to consider different 
planning horizons, delivery times and expiration 
dates, which allows the model to be applicable to 
blood inventory management in any hospital. The 
developed model takes into account the minimization 
of total inventory costs, the perishability of the product 
and the possibility of performing transfusions with 
substitute blood types. An additional restriction was 
added to the model, where a minimum limit of exact 
match transfusions is imposed. The model was tested 
with data from one of the case studies under analysis 
to understand the optimal solution for it. The current 
scenario of the inventory policy of hospital and the 
existing alternative policies, namely the IPST 
recommendations were analyse. In addition, the 
scenario where the use of compatible blood types to 
meet demand is not allowed and the scenario where 
demand is considered uncertain were examined. For 
this case, it was considered that the demand could be 
modelled by a Poisson distribution and several 
scenarios were generated using the Monte Carlo 
sampling technique. A sensitivity analysis of service 
level and rate of return was conducted, checking how 
inventory policies behave when prioritizing demand 
satisfaction overt the quantity that is returned and vice 
versa. 

Analyses indicate that it is possible to modify the 
current policy by reducing the inventory target 
quantity S without compromising the service level 
provided, minimizing the rate of return, average 
transfusion age, total costs and increasing the 
amount of exact match transfusions. In addition, 
enabling blood type substitutions allows the optimal 
policy to perform even better. Finally, the sensitivity 
analysis carried out led to the creation of two 
inventory policies that increase the level of service or 
decreased the return rate of all blood types to 95% 
and 5% respectively. If there is a preference for 
maximizing service levels for each blood type, the SL 
Scenario inventory policy can be chosen. If there is a 
preference for minimizing the returned quantity, one 
can opt for the R/O Scenario inventory policy. If the 
sole objective is to minimize costs and maintain 
acceptable levels of service level and return amount, 
then the optimum policy should be chosen. 

As for future work, it is suggested to complement the 
optimization model developed with a simulation 
model to validate the proposed solutions with a 
deeper level of detail, particularly in terms of other 

aspects of blood inventory management, such as 
crossmatch and assigned and unassigned inventory 
that are not included in this model. In addition, it is 
also important to consider stochastic supply and not 
assume that the distribution center always has the 
quantity of units requested, because that is not the 
case. Another aspect to consider is the existence of 
different types of demand (urgent and non-urgent) 
and various types of patients (those who need fresher 
blood and those for whom this aspect is not relevant). 
Finally, it is suggested to analyse the behaviour of 
blood management in cases of emergency or product 
shortage, and to develop a proper replenishment 
policy for these cases. 
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