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A | DETAILS ON CASE STUDIES

A.1 | Gathering and processing data
The minimal amount of data required to apply the proposed model is a set of hospital locations. For each hospital

a unique name should be chosen, and its geographical location should be determined. The model needs to be

provided with candidate locations as well. For both the Netherlands and Finland, the union of hospitals and current

DC locations is used. This set consists of 117 locations for the Netherlands, and of 15 locations for Finland.

For both location sets, the Python package geopy was used to transform addresses to longitude-latitude pairs.

Then the requests package was used to call the Mapbox API [4], in order to estimate transportation time and

distance between each hospital location and candidate DC location.

The pandas package is used to create data frames, and store information about the locations, as well as the

estimated transportation time, distance and cost for all combinations. The following data frames should be created,

and stored as csv files:

◦ F: all locations with their unique name, type (hospital or candidate DC), and location in longitude-latitude

format.

◦ Dt: estimated transportation time from the candidate DC location (row) to the hospital location (column),

format = H:MM:SS.

◦ Cd: estimated transportation cost of a direct transport from the DC location (row) to the hospital location

(column) and back. This file only has to be be created when direct transports are included in the model.

◦ Cr_km: estimated transportation cost per driven km from a given candidate DC location (row) to the hospital

location (column). This file only has to be be created when routed transports are included in the model.

◦ Cr_stop: estimated transportation cost for each stop in a route starting from a given candidate DC location

(row). This file only has to be be created when routed transports are included in the model.

If hospital ordering data is included, as discussed in Section 2.2, several arrays should be created to hold this

data, using the numpy package. Each array should be two-dimensional, containing a row for each hospital and a

column for each considered product type. The data should be stored as pickle files.

◦ OPd: the total number of products of type [column] contained in direct transports to hospital [row].

◦ Od: the total number of direct transports to hospital [row] containing products of type [column].

◦ Or: the total number of routed transports to hospital [row] containing products of type [column].

◦ Orc: the total number of routed transports to hospital [row] containing products of type [column] if this

hospital is a cluster center, 0 otherwise.
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A.2 | Transportation times and distances
Tables S1 and S2 contain information about the connections between all current DCs and hospitals in the Netherlands

and Finland. Tables S3 and S4 contain information about connections in optimized scenarios as discussed in

Section 3.1.

Distance (km) Transportation time (hh:mm:ss)

average
over all

hospitals

average
over all

allocated
hospitals

closest
hospital

furthest
hospital

average
over all

hospitals

average
over all

allocated
hospitals

closest
hospital

furthest
hospital

Rotterdam 106.5 71.9 2.1 280.7 01:19:06 00:57:44 00:06:27 03:03:45

Amsterdam 97.2 38.9 0.4 224.2 01:09:33 00:32:05 00:01:31 02:27:48

Nĳmegen 114.3 26.7 1.6 222.5 01:26:35 00:27:39 00:04:06 02:34:14

Maastricht 205.1 27.3 1.4 363.8 02:15:44 00:22:47 00:03:21 03:50:10

Eindhoven 125.6 20.2 0.0 277.7 01:25:49 00:19:39 00:00:00 02:56:33

Groningen 190.9 45.1 0.0 366.2 02:11:13 00:38:55 00:00:00 03:56:41

Deventer 120.7 43.3 4.5 268.7 01:26:01 00:39:14 00:08:06 02:55:04

TABLE S1: Distance (km) and transportation time (hh:mm:ss) from DCs to hospitals in the Netherlands, as shown in

Figure 1a.

Distance (km) Transportation time (hh:mm:ss)

average
over all

hospitals

average
over all

allocated
hospitals

closest
hospital

furthest
hospital

average
over all

hospitals

average
over all

allocated
hospitals

closest
hospital

furthest
hospital

Helsinki 311 114.3 3.6 829.4 03:30:57 01:19:48 00:10:21 09:30:17

Kuopio 301.8 70.5 0.0 505.5 03:42:31 00:58:17 00:00:00 06:17:16

Tampere 270.3 87 0.0 706.6 03:19:59 01:10:20 00:00:00 08:31:15

Oulu 429 111.8 0.0 652.3 05:10:06 01:23:03 00:00:00 07:45:49

TABLE S2: Distance (km) and transportation time (hh:mm:ss) from DCs to hospitals in Finland, as shown in Figure 1b.

7 6 5
km time km time km time

Amsterdam 34.6 00:29:21 34.6 00:29:21 33.8 00:28:58

Groningen 109.9 01:20:42 109.9 01:20:42 48.1 00:39:19

Rotterdam 26.4 00:31:34 37.2 00:38:08 37.2 00:38:08

Deventer 40.8 00:38:08 40.8 00:38:08 - -
Apeldoorn - - - - 76.3 00:57:23

Nĳmegen 28.1 00:29:27 26.9 00:28:54 - -
Maastricht 32.9 00:25:35 - - - -
Eindhoven - - - - - -

Tilburg 48.8 00:37:50 - - - -
Weert - - 37.3 00:33:41 39.6 00:35:05

TABLE S3: Average distance (km) and transportation time (hh:mm:ss) from each DC in the Netherlands to all of its

allocated hospitals, for the optimized scenarios presented in Table 1.
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4 3 2
km time km time km time

Helsinki 146.2 01:39:46 146.2 01:39:46 114.3 01:19:48

Kuopio 216.6 02:45:55 144.3 01:53:05 144.3 01:53:05

Tampere - - - - 57.7 00:47:00

Oulu - - - - - -
Lappi - - 0.0 00:00:00 0.0 00:00:00

TABLE S4: Average distance (km) and transportation time (hh:mm:ss) from each DC in Finland to all of its allocated

hospitals, for the optimized scenarios presented in Table 2.

B | MATHEMATICAL MODEL FORMULATIONS

In this section the mathematical formulations are given for all model versions and extensions that were discussed

in Sections 2 and 3. We will start by defining the required sets and parameters:

S = set of candidate DC locations;

H = set of hospitals;

Dtime

ij = estimated transportation time from facility i ∈ S to j ∈ H;

tmax = max transportation time allowed for direct deliveries;

Uij = whether orders from hospital j ∈ H can be fulfilled

within time limit tmax

by facility i ∈ S,

i.e. Uij =

{
1 if Dtime

ij ≤ tmax

0 otherwise

;

Dkm

ij = distance (km) from facility i ∈ S to j ∈ H, and back to i;

cstart

i = startup cost for transports departing from facility i ∈ S;
ckm = estimated transportation cost per km;

ctime = estimated transportation cost per hour;

CNL

ij = estimated transportation cost from i ∈ S to j ∈ H and back

in the Netherlands, i.e. Cij = cstart

i + (ckm ·Dkm

ij ).

CFI

ij = estimated transportation cost from i ∈ S to j ∈ H and back

in Finland, i.e. Cij = (ckm ·Dkm

ij ) + (ctime ·Dtime

ij ).

To accurately estimate transportation times and distances, matricesDkm
andDtime

were created using the Mapbox

API [4] for the Netherlands and using Google Maps [5] for Finland. The ‘driving’ profile was used since all transports

are assumed to be fulfilled by car. Finally we define the two variables that will be optimized by the model, in order

to find an optimal solution:

xi = 1 if i ∈ S is in use as a DC, 0 otherwise;

yij = 1 if hospital j ∈ H is allocated to DC i ∈ S, 0 otherwise.
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B.1 | Basic model
Below the basic model as discussed in Section 2.2 is formulated.

minimize
∑

i∈S,j∈H
Cij · yij (1)

maximize
∑

i∈S,j∈H
Uij · yij (2)

s.t.
∑
i∈S

xi = n (3)∑
j∈H

yij ≤ xi · |H| ∀i ∈ S (4)∑
i∈S

yij = 1 ∀j ∈ H (5)

xi ∈ {0, 1} ∀i ∈ S (6)

yij ∈ {0, 1} ∀i ∈ S, j ∈ H (7)

Objective (1) minimizes the total transportation costs, while objective (2) maximizes the reliability of delivery.

Parameter n states the total number of DCs that should be located. Variable xi is 1 if i ∈ S is in use as a DC, and 0

otherwise, with constraint (3) ensuring that the total number of DCs in use equals n ∈ N . Variable yij is 1 if hospital

j ∈ H is allocated to DC i ∈ S , with constraint (4) forcing yij to 0 if i ∈ S is not in use as a DC, and (5) making sure

that demand of hospital j is satisfied by exactly 1 DC.

B.2 | Model extensions
In this section the mathematical formulations are given for all model extensions that were discussed in Section 2.2.

Objective functions as constraints

As discussed in Section 2.2, both objective functions (1) and (2) may be transformed into constraints. If it is desired

to only minimize transportation cost, and keep the reliability at some minimal level, objective (2) should be removed

and replaced by constraint (8):

∑
i∈E,j∈H

Uij ·yij

|H| ≥ r, (8)

where r is a value in the interval [0, 1], representing some minimal value for the reliability. If it is desired to only

maximize the reliability and keep the transportation cost below some maximum, objective (1) should be removed

and replaced by constraint (9):

∑
i∈E,j∈H

Cij · yij ≤ c, (9)

where c is a parameter representing some maximum value for the total transportation cost.

Blood product orders

As discussed in Section 2.2, ordering data may be added to the model’s formulas in order to weigh large hospitals

more heavily than smaller ones. This extension can only be implemented if ordering data is available. In order

to feed this data to the model, all orders placed over a selected time span are aggregated for each of the hospitals

individually. We define oj as the total number of orders by hospital j ∈ H, and ej as the number of products ordered

in emergency orders by hospital j ∈ H.

In the model the objective functions (1) and (2) are respectively changed to equations (10) and (11):

minimize
∑

i∈S,j∈H
oj · Cij · yij (10)

maximize
∑

i∈S,j∈H
ej · Uij · yij (11)
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Product differentiation

In Section 2.2 several model extensions were discussed. In the code one extra extension was implemented, but as

this was not used in both case studies, we did not include it in the main text. This extension offers the possibility to

differentiate location strategies for different product types. It may, for example, be desirable to store thrombocytes

at all open DC locations, but plasma only at one central location. We incorporate this in the model by defining a

general set P of all considered product types. The desired set should be provided by the user of the model, meaning

that all kinds of product distinctions can be chosen.

Note that only a few other studies on the topic of blood supply chain design differentiate between different

blood products or blood groups [1, 2, 3]. By making this differentiation one may design the supply chain even

more efficiently, bringing down product outdating, while keeping the increase of transportation cost and decrease

of reliability at a minimum. For implementation in the model, we introduce:

Set P : set containing the all product categories;

Parameter M : vector with Mp being the number of DCs that

is allowed to store products of type p ∈ P ;

Variable zip : 1 if product p ∈ P is stored at DC i ∈ S, 0 otherwise.

Additionally the allocation variable yij receives an extra dimension of size |P|, meaning a hospital is separately

allocated to a DC for both product categories. After implementing this extension, the model is as follows:

minimize
∑

i∈S,j∈H,p∈P
Cij · yijp (12)

maximize
∑

i∈S,j∈H,p∈P
Uij · yijp (13)

s.t.
∑
i∈S

xi = n (3)

∑
i∈S

zip ≤ Mp p ∈ P (14)

zip ≤ xi i ∈ S, p ∈ P (15)

∑
j∈H

yijp ≤ xi · |H| i ∈ S, p ∈ P (16)∑
i∈S

yijp = 1 j ∈ H, p ∈ P (17)

xi ∈ {0, 1} ∀i ∈ S (6)

zi ∈ {0, 1} ∀i ∈ S (18)

yijp ∈ {0, 1} ∀i ∈ S, j ∈ H, p ∈ P (19)

Observe that objective functions (1) and (2) are respectively replaced by (12) and (13), constraints (14) and (15)

are added, and constraints (4) and (5) are replaced by constraints (16) and (17). All variables remain binary.

B.3 | Robustness analysis
As the results presented in Section 3.1 are dependent on hospital ordering data, the question arises how robust the

solutions and their corresponding objective values are to changes in ordering behavior. To answer this question,

we define a parameter δ as the percentage that hospital orders are allowed to deviate from their true value, while

the total number of orders stays the same. We then calculate the worst-case transportation cost and reliability of

delivery for several values of δ. This is achieved by determining the values for yij and xi that correspond to the

solutions in Tables 1 and 2, and turning these values into parameters. The number of emergency products ordered

(ej), as well as the number of orders placed by each hospital (oj), to the contrary, become our variables. Note that in

order to obtain the worst-case objective values for some value of δ, the transportation cost is now maximized, and

the reliability of delivery is minimized.
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maximize
∑

i∈S,j∈H
oj · Cij · yij (20)

minimize
∑

i∈S,j∈H
ej · Uij · yij (21)

s.t. oj − (oj · δ) ≤ otrue

j ≤ oj + (oj · δ) ∀j ∈ H (22)

ej − (ej · δ) ≤ etrue

j ≤ ej + (ej · δ) ∀j ∈ H (23)

∑
j∈H

oj =
∑
j∈H

otrue

j ∀j ∈ H (24)∑
j∈H

ej =
∑
j∈H

etrue

j ∀j ∈ H (25)

oj ∈ N ∀j ∈ H (26)

ej ∈ N ∀j ∈ H (27)

Objective (20) maximizes the total transportation costs, while objective (21) minimizes the reliability of delivery.

Parameter otrue

j represents the true number of orders placed by hospital j ∈ H, and parameter etrue

j the true number

of emergency products ordered by hospital j ∈ H. Variable oj represents the number of orders placed by hospital

j ∈ H, with constraint (22) ensuring that this number does not deviate more than δ% from otrue

j , and constraint (24)

making sure that the total number of orders always stays the same. Variable ej represents the number of emergency

products ordered by hospital j ∈ H, with constraint (23) ensuring that this number does not deviate more than δ%
from etrue

j , and constraint (25) making sure that the total number of emergency products ordered always stays the

same.

For all solutions presented in Tables 1 and 2, we now calculate the worst-case transportation cost and reliability of

delivery. A visualization of these results can be found in Figure S1. For 0 < δ < 50we observe that the transportation

cost increases linearly with δ, but at a much lower pace: if δ increases with 1%, the transportation cost increases with

0.53% - 0.58% for the Netherlands and with 0.80%-0.96% for Finland. The reliability decreases with only 0.02% on

average for each 1% that δ goes up for the Netherlands, while it does not decrease at all for Finland, presumably as a

result of the long delivery times allowed. Considering that these changes represent the absolute worst-case scenario

for a given δ, we may state that the model’s solutions are robust to changes in hospital orders.
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FIGURE S1: Change in transportation cost and reliability of delivery as a result of deviations in respectively the number

of orders and the number of blood products ordered. Changes in reliability are the same for all n that were analyzed.
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C | COMPUTATION TIME

The time needed to solve a model strongly depends on the size of the candidate location set. For the purpose of

acquiring some insight in this relation Table S5 shows, for each candidate set used, its size in terms of locations

contained, the resulting number of model variables, and the corresponding computation times.

The Netherlands Finland
Existing

facilities

Greenfield

Existing

facilities

Greenfield

Candidate

locations

117 1,212 15 300

Model

variables

12,987 134,532 180 3,600

Comp.
time
(sec)

mean 3.9 179.1 0.0 0.2

std 1.7 82.8 0.0 0.1

min 0.1 7.0 0.0 0.1

max 5.2 241.5 0.0 0.4

TABLE S5: Computation time (sec) for several candidate location sets. The computation times are obtained from

optimizations where the transportation cost is minimized and the reliability is constrained to stay at its current value. The

variation in computation times is a result of locating different numbers of DCs.

D | VISUALIZATIONS

(a) ‘Greenfield’ approximation for the Netherlands. The distance

between horizontally or vertically neighboring points is

approximately 5km. After creating the grid, the 10% of points with

longest distance to the closest hospital were removed, reducing the

size of the grid from 1347 to 1212 points.

(b) ‘Greenfield’ approximation for Finland. The distance between

horizontally or vertically neighboring points is approximately 30km.

The grid, consisting of 300 points in total, does not cover the northern

area of Finland as no hospitals are located there.

FIGURE S2: Grids used to approximate a ‘greenfield’ candidate location set.
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