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ABSTRACT

ARTICLE HISTORY

When demands exceed capacities, suppliers allocate available supply to customers based on customer importance and advance demand information. The accuracy of advance demand information
interacts with the length of customer order lead times and influences overall customer service levels.
In this paper, we analyse industrial contract portfolios with customer-specific terms in order to derive
insights for contract portfolio management and the design of demand fulfilment processes. For this
purpose, we develop a framework for analysis of contract portfolios capturing the dynamics of industrial planning processes. The framework is applied to portfolios from the semiconductor sector. Our
numerical analysis shows that, in order to improve service levels, demand fulfilment processes and
contract portfolio management must especially take into account the length of order lead times
and the accuracy of advance demand information. Even though suppliers often prefer long order
lead times, our analysis shows that demand fulfilment performance is not primarily determined by
the absolute length of the order lead times but by the presence of a negative correlation with the
accuracy of advance demand information in the entire contract portfolio. Consequently, these factors require increased attention in the management of contract portfolios and in the negotiation of
individual contracts.
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1. Introduction
In business-to-business relations, supply chain partners
typically agree on contracts regulating their everyday
interaction. Two issues are of particular importance for
demand fulfilment: First, the contract sets the terms
and conditions for the exchange of so-called advance
demand information (ADI), which are forecasts of future
demands that customers provide to their immediate
upstream suppliers (e.g. Hariharan and Zipkin 1995;
Thonemann 2002). Second, the contract regulates the
ordering process and defines contract parameters such as
the minimum order lead time and the maximum deviation between order and ADI. Contract negotiations can
lead to significant heterogeneity in the contractual terms.
For instance, based on our experiences in the semiconductor industry, minimum order lead times can vary
from 4 to 52 weeks.
Despite exchange of ADI, supply shortage situations
are common in industry for a number of reasons.
Firstly, in many industries capacity expansion is costly
and/or time consuming (Cachon and Lariviere 1999b),
such as in the semiconductor industry (e.g. Seitz et al.
CONTACT Renzo Akkerman
Wageningen, Netherlands

renzo.akkerman@wur.nl

KEYWORDS

Forecast accuracy; allocation
planning; order promising;
customer segmentation;
contracting; advance
demand information

2016), in the pharmaceutical industry (e.g. Saedi, Erhun
Kundakcioglu, and Henry 2016; FDA 2019), and in the
automotive industry (e.g. Cachon and Lariviere 1999a;
Zhu et al. 2020). Secondly, in industries with long production lead times, the demand forecasts at the time
production is initiated can deviate substantially from
the actual orders that are placed much later. An example for shortages resulting from surges in demand to
which no reaction is possible due to long lead times is
the pharmaceutical industry (EFPIA 2020). Such situations occur especially in industry settings in which setup
times are high. In the above example of the pharmaceutical industry, extensive cleaning requirements may cause
active ingredients to be produced only once a year. Similarly, in the semiconductor industry, production lead
times may exceed half a year. In the agri-food industry, the length of the growing cycle leads to shortage
situations (Papier 2016). Thirdly, the above-mentioned
process industry and semiconductor industry also suffer
from yield uncertainties that may cause supply shortage (Uzsoy, Fowler, and Mönch 2018; FDA 2019; EFPIA
2020). Sometimes, customers can manage shortage by
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Figure 1. Example of two diﬀerent scenarios for the realisation of the order fulﬁlment process after an initial allocation, where the only
diﬀerence is in the order lead time (on the left, customer A orders ﬁrst; on the right customer B orders ﬁrst).

substituting with a product from an alternative supplier. However, often such substitution is not straightforward. Switching suppliers without a prior exchange of
according ADI would prevent timely delivery. Moreover,
often lengthy approval procedures may still be required
to qualify alternative suppliers. In some cases, there
might not even be alternative suppliers. In pharmaceuticals, for example, therapeutic alternatives are often limited (Musazzi, Di Giorgio, and Minghetti 2020). In this
paper, we will focus on such shortage situations without
substitution.
In a supply shortage, the supplier has to decide how
the limited supply is allocated to the ADI communicated
by the different customers. Hence, industry also calls this
situation ‘going on allocation’ (see also Cachon and Lariviere 1999b). Based on the allocations, the supplier subsequently has to decide whether an incoming order from
a customer with a long order lead time should be accepted
or if the order should be (partially) declined to reserve
supply for other customers. The contractual terms for the
minimum order lead are therefore not only relevant for
the individual customers; they also lead to interactions
between different customers in the order fulfilment process. Therefore, when negotiating dyadic contracts, the
entire contract portfolio of the supplier must be considered, something that has so far been overlooked in the
rich academic literature on supply shortage.
The following small example illustrates the importance of a portfolio perspective on the contractual terms
for order lead times. In Figure 1, Customers A and B both
provide an ADI of 10 units. The available supply of only
10 units thus has to be allocated. We assume that customer A receives a larger allocation (for instance based
on their higher profitability or superior performance with
respect to ADI accuracy as suggested in Seitz, Grunow,

and Akkerman (2020)). Consequently, 6 units of supply
are allocated to customer A and 4 units of supply are
allocated to customer B.
Eventually, both customers place an actual order for
respectively 8 and 3 units. If customer A has the longer
order lead time, i.e. orders first (left part of Figure 2), they
only receive a promise of 6 units as 4 units are reserved for
customer B, who finally only orders and receives 3 units.
In this case, the overall service level equals 82% (as 9 out
of the 11 ordered products delivered) and there is 1 unit
of product left in inventory.
If customer B has the longer order lead time and
thus orders first (right part of Figure 2), they receive the
ordered volume of 3 units. The remaining, unused supply
allocated to customer B of 1 unit can still be used to fulfil
part of customer A’s demand. This leads to a shipment of
7 units to customer A. The overall service level increases
to 91% (as 10 out of the 11 ordered products delivered)
and no inventory remains.
Clearly, this example shows that the contractual terms
for the order lead times of different customers strongly
affect key performance indicators such as service levels
and inventory. This highly relevant problem has so far
not been addressed in academic publications and is at the
core of what we identify as the contract portfolio problem: the identification of a combination of contracts in
a portfolio of customer contracts that allows to achieve
high service levels with corresponding low inventory levels. The industry, however, still focuses on negotiating
favourable terms in individual contracts missing out on
the opportunities arising from a comprehensive portfolio
perspective.
Our work has the following contributions: Firstly, we
develop a framework that extends the demand fulfilment
methodology of Seitz, Grunow, and Akkerman (2020).
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Figure 2. Rolling horizon scheme for customer ordering behaviour driven allocation planning.

The novel methodology fosters a contract portfolio perspective by incorporating the differences in order lead
time in the allocation methodology. It hereby enhances
reallocation opportunities between customers such as
outlined in the above example. Secondly, we demonstrate
how to apply and parametrise the framework for realworld contract portfolios from the semiconductor sector.
For our analysis, we elicit data for 10 different industry
portfolios with different order-lead-time characteristics.
Thirdly, our numerical analysis based on industry data
shows that the consideration of order lead times results
in significant improvements in service levels and performance robustness of contract portfolios. Finally, our
numerical results show that contract portfolios in which
order lead times and the accuracy of ADI are negatively correlated perform substantially better. They allow
a more efficient reallocation of excess allocations. Such
portfolios are even superior to portfolios in which all
customers have long order lead times.
Our results have several managerial implications for
companies operating in situations of supply shortage.
Firstly, demand fulfilment approaches should not cluster customers in segments. Instead, they should allocate
available supply to individual customers, considering the
individual lead times in relation to lead times of other
customers in the portfolio. Secondly, to achieve high service levels with corresponding low inventory levels, order
lead times of a portfolio should be distributed such that
longer order lead times are negotiated with customers
providing ADI with lower accuracy. Finally, suppliers
should initiate discussion on possibilities to increase ADI
accuracy with customers with relatively short lead times,
as this allows construction of contract portfolios with
more efficient reallocation opportunities.
The remainder of this paper is organised as follows. Section 2 provides a literature review. In Section
3 we explain our framework for demand fulfilment in

detail. Section 4 introduces a case from the semiconductor industry, describes the experimental design of our
numerical study and presents its results. Finally, we conclude our paper with the implications of the results and
an outlook on future research in Section 5.

2. Related literature
Our research is related to several streams of supply chain
literature. First, the supply chain planning context we
study is related to research on supply network planning
approaches considering ADI. Secondly, our focus on contract portfolios relates to research on supply chain coordination with contracts. Finally, our focus on demand fulfilment relates to the literature developing mechanisms for
these fulfilment processes. In the following, we will discuss each of these three literature streams in the context
of our work.
In supply network planning approaches, there is often
some consideration of ADI. Many authors have shown
that ADI can reduce, but not eliminate, demand volatility
and uncertainty in supply chains. This is also the case in
most situations in which ADI is imperfect, but unbiased
(e.g. Gayon, Benjaafar, and de Véricourt 2009; Bernstein
and DeCroix 2015; Topan et al. 2018), even though the
advantages depend on the quality of information (i.e. the
level of imperfection of the ADI).
However, in shortage situations ADI is often not
unbiased. Customers can strategically communicate ADI
quantities higher than their actual demand forecast in
the hope that this will increase their share in the allocation procedure. This behaviour, called rationing gaming, results in the risk of inefficient allocation decisions,
demonstrated by low on-time service levels and high
inventories positions due to excess allocations (see e.g.
Lee, Padmanabhan, and Whang 2004). For this reason,
suppliers need to install demand fulfilment methods that
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increase service levels in uncertain environments and
incentivise customers to provide unbiased ADI. We propose one such method in this paper. Most publications
in this field, however, study the influence of unbiased
or biased ADI for given production control strategies
(Karaesmen, Buzacott, and Dallery 2002; Claudio and
Krishnamurthy 2009; Karrer, Alicke, and Günther 2012;
Altendorfer and Minner 2014). What is often not considered, is that final customer orders often have different
lead times (see also Seitz and Grunow 2017), and that this
difference in the timing of ADI turning into actual orders
has a large impact on the efficient allocation of capacities. As these ADI agreements and final order lead times
are important parts of contracts in business-to-business
settings, in this paper, we investigate the influence of
the design of contract portfolios determining order lead
times and ADI on the supply chain performance for a
given demand fulfilment process.
In the literature on supply chain coordination with
contracts, contracts coordinate the material, value, and
information flows in decentrally planned supply chains.
Cachon (2003) provides a broad overview, to which we
refer for a more general discussion of the field. Tsay, Nahmias, and Agrawal (1999) classify contract clauses into
eight categories. In relation to our work, the categories
of quantity flexibility, lead times, and allocation rules are
relevant.
In contracts setting quantity flexibility, the maximum
allowed deviation of the ADI from the final order of a customer and according monetary penalties are determined
for different ADI horizons. Contracts setting minimum
order lead times for customers determine the minimum
horizon with which a customer has to communicate a
final order quantity to its supplier. The literature in these
fields investigates the necessary conditions for supply
chain partners to conclude such contracts and determines the optimal behaviour of supply chain partners
for a given contractual relationship in order to study its
effects on the overall supply chain performance and the
distribution of risks within the supply chain (Iyer and
Bergen 1997; Tsay 1999; Tsay and Lovejoy 1999; BarnesSchuster, Bassok, and Anupindi 2006; Lutze and Özer
2008; Kim 2011; Kremer and Van Wassenhove 2014; Kim,
Park, and Shin 2014; Knoblich, Heavey, and Williams
2015; Shen, Choi, and Minner 2019). The publications
typically assume enough supply to fulfil the total of the
demand of the customer and do not consider the possibility of a structural bias in the ADI information provided
by the customer.
For supply shortage situations, as our study is concerned with, contracts require supply allocation rules, i.e.
agreements on the process of distributing scarce supply
between different customers. Publications on this topic

typically investigate the effects of such rules on their suitability to coordinate the supply chain efficiently. Many of
the studied allocation rules are based on the customer
demand forecasts (i.e. the ADI). For instance, studies
focus on the impact of incentivising customers to provide
truthful ADI on increasing or decreasing overall profits, costs, stocks, and service levels (Cachon and Lariviere
1999a, 1999b; Plambeck and Taylor 2007; Huang, Chen,
and Lin 2013; Xiao and Shi 2016).
In contrast to our research, which takes the perspective of the supplier, most of the reviewed publications
aim at coordinating the supply chain globally by using
game theoretical approaches. Apart from the work on
allocation rules, the previous research focuses on dyadic
contractual relationships between a supplier and a customer, for which it is decided which contract terms to
include and how to set them. The same contract terms
apply to all customers. An exception is Barnes-Schuster,
Bassok, and Anupindi (2006), who determine order lead
times for multiple customers minimising global supply
chain cost. However, it is assumed that the supplier can
always fill the total demand of customers within the contractual order lead time. Furthermore, the exchange of
ADI is not considered in the publication.
In general, the effects of allocation rules, ADI terms,
and order lead time contracts have been addressed in
the contracting literature, but only separately, neglecting
their interactions in the structure and dynamics of the
demand fulfilment process.
Finally, our research is also related to the literature dealing with mechanisms for demand fulfilment,
which can be categorised into the streams revenue management and demand fulfilment with advanced planning systems. Both categories essentially deal with the
same supply chain processes (Quante, Meyr, and Fleischmann 2009). Revenue management concepts, however,
typically do not reflect contractual terms between customer and supplier or address multi-period planning
processes involving ADI, replenishment, and storage of
supply.
Demand fulfilment approaches using advanced planning systems either process orders in batches or promise
orders in real-time (see e.g. Ball, Chen, and Zhao
2004; Framinan and Leisten 2010). While batch order
promising approaches allow prioritisation of customers,
real-time order promising approaches require a preceding allocation planning mechanism that reserves certain
quantities of supply to specific customers in case of supply
shortage, to avoid suboptimal first come first served order
promising (e.g. Meyr 2009). Since customers usually
require an immediate response, real-time order promising approaches are more common in industrial environments. Common allocation planning approaches use
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rules (Cederborg and Rudberg 2009; Vogel and Meyr
2015; Kilger and Meyr 2015) or optimisation models
based on linear programming (Ervolina et al. 2009; Meyr
2009; Chien, Wu, and Wu 2013; Chen and Dong 2014;
Chiang and Hsu 2014; Lebreton 2015; Framinan and
Perez-Gonzalez 2016; Cano-Belmán and Meyr 2019). As
differences between ADI and final order quantities lead
to inefficiencies in the supply allocation, recent work has
also specifically addressed the modelling of release mechanisms and supply reallocation approaches (e.g. Esteso
et al. 2018, 2019; Xu and Chen 2021).
For a case from an agri-food manufacturer, Papier
(2016) shows that the usage of ADI in allocation planning to different markets can increase the expected profit
significantly. In contrast to our approach, reallocation of
supply is not possible in the approach. Furthermore, as
we allocate supply to individual customers our framework is designed for a different level of aggregation. In
Seitz, Grunow, and Akkerman (2020), a supply allocation
approach is presented, which uses ADI bias and profitability information. The method increases customer
service levels and counteracts rationing gaming by incentivizing customers to provide truthful ADI. A recent
behavioural study by Pekgün et al. (2019) shows that such
forecast-accuracy-based incentives do lead to improved
forecasts.
In conclusion, none of the approaches discussed above
account for customer order lead times and their possible heterogeneity, even though this can have significant
impact on the efficiency of demand fulfilment processes.
Considering the interaction between such heterogeneous
customer-specific characteristics does however require
looking at contract portfolios.

3. A flexible demand fulfilment framework for
evaluation of ADI and order lead time contracts
In this section, we develop a new demand fulfilment
framework, which we use as a testbed for industrial contract portfolios. The framework considers the contractual
parameters set for each individual customer as well as the
resulting customer forecasting and ordering behaviour.
It extends the methodology presented in Seitz, Grunow,
and Akkerman (2020) by (1) considering order lead
times, (2) using a dynamic updating process for customer
scoring to reflect changing customer ordering behaviour,
and (3) adding flexibility to the supply allocation and
order promising processes. Its processes are executed in
a short-term rolling horizon fashion (e.g. every week).
Figure 2 provides an overview of our framework and
includes the following notation (which will also be used
later in this section to detail the individual processes in
the framework).

k∈K
i ∈ Ik
Scust
i
α
ω
π
seg

Sk
n

diτ
atpt
aatpktτ
oiτ 
pit τ 

5

Set of customer segments
Set of customers in segment k (subset of all
customers i ∈ I)
Customer score for customer i used in segmentation and demand fulfilment
The weight of ADI accuracy in calculating customer scores
The weight of order lead time in calculating
customer scores
The weight of profitability in calculating customer scores
Segment score for segment k used in demand
fulfilment
Level of upward nesting allowed in during order
promising
Advance Demand Information (ADI) provided
by customer i for period τ
Available-To-Promise (ATP) supply for period
t
ATP supply available in period t allocated to
segment k to cover demand in period τ
Final customer order for customer i in period τ 
Order promise for order oiτ  in period t 

The segmentation and allocation planning are based
on customer scores. Typically, this is a single score that
most often reflects a customer’s importance based on
profitability. This measure of profitability can have a
short-term focus on the actual profit margin but can also
include more strategic long-term considerations regarding future profitability. In this paper, in addition to profitability, order lead time and the accuracy of ADI is considered in the calculation of the customer score Scust
for
i
every individual customer i ∈ I (see Section 3.1).
The customer segmentation process (Section 3.2) subsequently segments customers into a given number of |K|
segments k ∈ K that, together with their respective segseg
ment score Sk , are used in the allocation planning and
order promising processes.
In the allocation planning (Section 3.3), the availableto-promise (ATP) supply atpt becoming available at the
beginning of planning time period t is allocated to the
customer segments k. This allocation is based on ADI
demands diτ of the customers i as forecasted for period
τ . Note that we use the indices t and τ to distinguish
between the time points related to supply (t) and the
time points related to the customer demands (τ ) (i.e.
the time period in which the order must be ready). The
resulting allocated available-to-promise (AATP) supply
aatpktτ is used by a real-time order promising process
to generate order promises pit τ  for incoming orders
oiτ  for the individual customers i ∈ I. Here, the delivery period (supply) and the time period of the requested
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delivery date (demand) are denoted by indices t 
and τ  .
Finally, the order promising step allows for so-called
upward nesting in order to increase order promising flexibility (see also Section 3.4). The concept of nesting is
often used in the context of prioritising customer segments, where the customers segments are considered
to be nested hierarchically, i.e. customer segments with
higher priority also have access to AATP of customer
segments with lower priority (see also Kilger and Meyr
2015). Upward nesting then means that orders can not
only consume AATP quantities reserved for customers
segments with lower priority, but additionally, allocations
of a limited number of n customer segments with higher
priority can be consumed.
3.1. Customer score determination
Our customer score determination approach uses the
normalised profitability profinorm , ADI accuracy accnorm
,
i
and average order lead time oltnorm
of
the
customers
to
i
determine their priority in demand fulfilment.
The parameters profnorm
and accnorm
are respectively
i
i
derived from data on individual customer profitability
profi and data on the accuracy of ADI for each individual
customer acci . In Equations (1) and (2) below, profmin and
profmax as well as accmin and accmax represent the minimum and maximum profitability and accuracy across all
customers.
profnorm
=
i
accnorm
=
i

profi − profmin
profmax − profmin
acci − accmin
accmax − accmin

(1)
(2)

The ADI accuracy acci is derived from historical ADI and
order data. Since we usually have a sufficiently large number of observations, we can use a regular t-test to assess
whether or not the difference between ADI and order
sizes is significantly different from zero. If it is not proven
to be significantly different, we consider it to be a forecasting error and use an accuracy of 100%. If it is significantly
different, this part of the forecasting error represents the
customer’s strategic rationing gaming behaviour that is
deducted from the accuracy. For instance, in case a customer’s ADI significantly exceeds their eventual orders
by 15%, the accuracy measure for this customer is 85%.
To determine the average order lead time for each
customer olti and its normalised version oltnorm
, Equai
tions (3) and (4) below are used. The time period when
an order o must be ready for delivery, i.e. the due date
requested by the customer is denoted as todue . The time
period when the order o was placed by the customer is

placed

represented by to
. The set Oi contains all orders o of
customer i in the past t ∈ T past time periods. Note that
the ranges of order lead times for individual customers
are normally not that wide, as these ranges are limited in
the contracts the supplier closes with their customers. To
normalise the average order lead times, we relate all of
them to the full range of average order lead times defined
by oltmin = min olti and oltmax = max olti .
i

i


olti =
oltnorm
=
i

due
o∈Oi (to

placed

− to

)

|Oi |
olti − oltmin
oltmax − oltmin

(3)
(4)

are determined by Equation
The customer scores Scust
i
(5) below. The factors α, ω, and π (with α + ω + π =
1) determine the weight of the historical ADI accuracy,
order lead time, and profitability of a customer in Scust
i .
= α · accnorm
+ ω · oltnorm
+ π · profnorm
Scust
i
i
i
i

(5)

The weights used can either be set according to managerial preferences or can be initialised based on historical
data and a target performance measure. In this paper, we
select the weights such that they lead to an optimal service level for a set of historical data (more details on this
parametrization process are provided in Section 4).
The determination of customer scores based on the
procedures described above requires more customerspecific data than used in previous literature. Customer
profitability is often used in prioritisation of customers
(see e.g. Kilger and Meyr 2015), but heterogeneity in
ADI accuracy and order lead times is not commonly
used (with the exception of the consideration of ADI
accuracy by Seitz, Grunow, and Akkerman 2020). The
implementation of the proposed procedure therefore also
requires collecting and maintaining ADI accuracy data
(e.g. based on historical performance) and order lead
time data (e.g. extracted from contracts) for individual
customers, as well as their integration into the IT systems used for allocation planning and order promising.
However, in today’s industry settings, this type of data is
readily available.
3.2. Customer segmentation
Customer segments allow for a pooling of allocated
available-to-promise supply between different customers.
Similar to Meyr (2009), our customer segmentation
method uses the distance distij between two customers
i and j, which is defined as the absolute value of the
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difference of the customer scores (Equation (6)).
distij = |Scust
− Scust
i
j |

3.3. Allocation planning model
(6)

The customer segmentation model is described by Equations (7)–(12). With the decision variable vik , customer i
is assigned to segment k. The decision variable w̄, called
width, is the maximum distance between any two customers i and j belonging to the same customer segment.
Minimise
z = w̄
subject to

vik = 1

(7)
∀i ∈ I

(8)

The allocation planning process of our framework is
a modification of the approach in Seitz, Grunow, and
Akkerman (2020), which in turn was an adaptation of
the approach by Meyr (2009). The model is built for situations in which demand exceeds supply and uses the
customer segments described above. It is described by
Equations (14)–(17).
Maximise

   seg

e
z=
(Sk · aatpktτ ) −
(ctτ
· aatpktτ )


i∈I

vik ≥

|I| + |K| − 1
2|K| − 1

vik ∈ {0, 1}
w̄ ≥ 0

τ

k

k∈K

w̄ ≥ (vik + vjk − 1) · distij

7

−

∀k ∈ K; i, j ∈ I : i < j
(9)

(14)

t>τ

(10)

subject to

∀k ∈ K, i ∈ I

(11)



∀k ∈ K

(12)

t

Note that if |K| = |I|, each customer segment contains
only one customer and subsequent allocation planning
and order promising will be performed on the level of
individual customers.

t<τ




l
(ctτ
· aatpktτ )

∀k ∈ K

The objective function (7) minimises w̄, ensuring
that the customer segment with the largest maximum
distij -value is as homogeneous regarding the customer
scores Scust
as possible. Constraint (8) ensures that each
i
customer is assigned to exactly one segment. Constraint
(9) states that w̄ must be greater or equal to the distance
between any two customers i and j belonging to the same
segment (by multiplying with (vik + vjk − 1), we ensure
that no minimum is set for the width in case the customers are in different segments). Constraint (10) sets the
minimum segment size to the value of |I|+|K|−1
2|K|−1 , which is
a value that ensures a reasonable spread of customers over
segments, while also still leaving some flexibility in the
segmentation (the expression is derived in Appendix).
Here, without loss of generality, we assume that |K| >
1.Constraint (11) and (12) define vik as binary and w̄ as
non-negative.
After customer segmentation, the set of customer segments K, the sets Ik containing the customers belonging
seg
to the segment k and the segment scores Sk are provided
to the allocation planning process. The segment scores
∗ are the
are calculated with Equation (13), in which vik
optimal values of the decision variables vik .

(v∗ · Scust )
seg
(13)
Sk = i∈I ik ∗ i
i∈I vik

t


k

aatpktτ ≤



∀k ∈ K, τ ∈ T

(15)

aatpktτ = atpt

∀t ∈ T

(16)

aatpktτ ≥ 0

∀k ∈ K, t ∈ T, τ ∈ T (17)

diτ

i∈Ik

τ

The objective function (14) maximises the segmentscore-weighted supply allocations and penalises early and
e and cl , which
late demand fulfilment with the factors ctτ
tτ
represent penalties for fulfilment of demand that was
supposed to be fulfilled in period τ in period t (and conditions τ < t and τ > t are used to distinguish early and
late fulfilment). Typically, these penalty costs reflect the
contractual terms and the company’s priorities regarding earliness and lateness of fulfilment (reflecting market requirements). The objective function ensures that
seg
demands of segments with high Sk values are satisfied
with priority. Constraint (15) ensures that the generated AATP quantities do not exceed customer demand
forecasts. Constraint (16) states that the sum of allocated supply quantities must equal the total available ATP
quantities.
3.4. Order promising
For order promising, we use an adaptation of the model
presented in Meyr (2009). The model, which is described
by Equations (18)–(21), decides on the portions of allocated supply xkt , which become available in period t  and
are used to fulfil an order of oi∗ τ  product units from
customer i∗ due in period τ  .
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Maximise

 seg
(Sk · xkt ) −
(cte τ  · xkt )



z=

t

k∈Ki∗

−

4. Performance analysis of contract portfolios
from the semiconductor industry




t  >τ 



(ctl  τ 

t  <τ 

· xkt )

(18)

subject to
 
k∈Ki∗

xkt ≤ oi∗ τ 

t

xkt ≤


τ

(19)

aatpkt τ

xkt ≥ 0

∀k ∈ Ki∗ , t  ∈ T

(20)

∀k ∈ Ki∗ , t  ∈ T

(21)

As in the allocation planning, the objective function
(18) maximises the segment-score-weighted supply allocations and penalises early and late demand fulfilment.
Constraint (19) states that the sum of consumed supply must not exceed the ordered quantity. Constraint
(20) ensures that the allocation quantities aatpkt τ are not
exceeded and Constraint (21) defines the non-negativity
of the decision variables.
The model allows nesting of customer segments. The
segments from which customer i∗ is allowed to consume
allocated supply are represented in the set Ki∗ . This set
contains all segments for which Equation (22) holds. It
includes not only the segment of customer i∗ and lower
priority segments, but also the possibility to use upward
nesting by including n higher-priority segments. The
function RNK maps the customer segments in descending order of their segment scores onto the ordinal scale
[1; |K|]. The customer segment of the ordering customer
is represented by k∗ .

In this section, we analyse different customer contract
portfolios using data from a large European company
in the semiconductor industry. Typical for this industry
(see also Mönch, Uzsoy, and Fowler 2018), the company
operates in a business-to-business environment using
contractual agreements with relatively large customers
that use the semiconductors in e.g. automotive electronics, consumer electronics, and industrial equipment
The contract portfolios are selected from this companies’
product range in a way that the resulting customer ordering behaviour shows different correlations of the length
of the order lead time and the accuracy of ADI in the
customer set. Selecting contract portfolios with these different correlations allows us to study the impact of order
lead times in different circumstances.
After introducing our design of experiments in
Section 4.1 we parametrise our demand fulfilment framework in Section 4.2. In Section 4.3, we perform a numerical analysis on the impact of exact parametrization of
our approach, compare its performance to other demand
fulfilment methodologies and analyse the influence of
different contract portfolio designs on the demand fulfilment performance.
4.1. Assumptions, performance measures, and
contract portfolios
We implement our approach as shown in Figure 2. The
following two assumptions are made to eliminate all
sources of uncertainty other than ADI bias:
• ATP quantities are deterministic.
• Orders will not be cancelled or rescheduled by customers once they enter the system.

(22)

Furthermore, we make two assumptions on the
demand fulfilment processes:

For example, this means that with an upward nesting possibility of 1 segment (n = 1), a customer in segment k∗ =
3 would be allowed to consume allocated supply from
segments 2 and up, but not from customer segment 1 (as
lower numbers represent higher priority). In our numerical study, we do not allow fulfilment of orders before their
due date. Therefore, the promises pit τ  are calculated with
Equation (23).

• Orders can be fulfilled partially and with multiple
shipments.
• If a part of an order cannot be promised when it is
received, this part is lost.

seg

seg

[RNK(Sk ) + n] ≥ RNK(Sk∗ )

pi∗ t τ  =

⎧
⎪
⎨
⎪
⎩



k∈Ki∗



∀t  ∈ T|t  < τ 

0

t  ∈T|t  ≤τ  xkt  ∀t

k∈Ki∗

xkt



∈ T|t  = τ  (23)

∀t  ∈ T|t  > τ 

We measure the effect of the design of contract portfolios on the demand fulfilment performance in order to
derive insights for portfolio management. The indicator
we choose is the on-time service level (OTSL), for which
we use Equation (24).
 
piτ τ
OTSL = i∈I τ ∈T
(24)
i∈I
τ ∈T oiτ
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Table 1. Contract portfolios for numerical case study.
P1

P2

P3

P4

P5

P6

P7

P8

P9

P10

Total

Customers

16

12

13

13

16

14

14

16

15

14

143

Orders

105

98

131

136

197

185

153

210

214

215

1644

Average acci

85%

79%

82%

93%

91%

88%

68%

87%

91%

99%

86%

Average olti

2.20

3.38

3.07

1.87

1.47

3.44

2.98

2.82

3.15

2.98

2.73

Average erracc (in-sample)

0.03

0.19

0.27

0.31

0.41

0.38

0.40

0.44

0.51

0.65

0.36

Average err
r(olti , acci )

acc

(out-of-sample)

0.04

0.21

0.29

0.30

0.38

0.39

0.40

0.46

0.48

0.59

0.35

0.28

−0.42

−0.18

0.43

0.05

−0.39

0.11

−0.03

0.32

0.23

0.04

Here, both time indices used in the numerator are set
equal to τ , as the delivery period and the time period
of the requested delivery date are the same for on-time
deliveries.
Our dataset contains 78 weeks of ADI for 143 customers and the corresponding 1644 orders for 10 products that each have their own portfolio of contracts:
P1, . . . , P10 (Table 1). The design of the contract portfolio differs for all products. As a result, the length of
the order lead time and the accuracy of ADI (acci ) show
different correlations r(olti , acci ) for all products. Furthermore, the demand data for all 10 products differs in
its predictive quality, i.e. the degree to which the future
customer ADI accuracy can be predicted from the past.
To measure the predictive quality of data, we use the average error erracc of the ADI accuracy acci (Equation (25)).
It calculates the average of the actual error in every period
t. Here, accnorm
(t) is the (normalised) actual accuracy of
i
customer i in period t and accnorm
is the (normalised)
i
accuracy of customer i calculated with historical demand
data. To calculate accnorm
, a history of 30 periods before
i
t is used. Smaller values of erracc indicate a higher predictive quality of data. In the remainder, we use the term
contract portfolio as a synonym for a product of the
dataset.
 78
|accnorm
− accnorm
(t)|
i
i
acc
(25)
err = i∈I t=53
|I| · |T|
In our numerical study, we use the weeks 31–52 of
the data set to parametrise our approach (in-sample).
This parametrisation is used to determine the servicelevel optimal levels for α, ω, and π , the key parameters used in the scoring of customers. Our experiments
are then conducted on the weeks 53–78 of the dataset
(out-of-sample). The weeks 1–30 are used to initialise
accnorm
. Table 1 presents the erracc values calculated on
i
the in-sample and the out-of-sample data.
For confidentiality reasons, the real profitability of
the customers is not provided in our dataset. However,
we do have information on the relation of profitabilities

of the customers within the dataset. For our numerical study, we represent the per-piece profitabilities of
the most and least profitable customers with 0.1e and
0.067e, which resembles a realistic relation between
customer profitabilities in the semiconductor industry.
Also based on industrial data, we further set the level
of supply shortage to 20%, i.e. the total demand of all
customers exceeds the available ATP for every product by 20%. We use the same level for all products
to make the results for the portfolios comparable. This
level is typical for the semiconductor manufacturer from
which the portfolio data originates. To generate the supply values, the average cumulated demand of always
five periods is calculated and multiplied with 0.8. The
result is taken as the ATP supply in the respective
weeks.
The numerical study is implemented in Java. IBM
ILOG CPLEX V12.6.0 is used to solve the customer
segmentation, allocation planning, and order promising
models. The study was performed on a personal computer with an Intel Xeon E7-4860 v2 processor with
2.6 GHz and 32GB RAM on a 64-bit Microsoft Windows
7 installation.

4.2. Framework parametrisation
Before we can investigate the influence of the design of
the customer contract portfolio on the demand fulfilment
performance, we need to parametrise our demand fulfilment framework. For this, we use a full factorial design
of experiments on the first 52 weeks of our dataset, as
described in the previous section. For the number of customer segments, we use the values {2; 4; 6; |I|} for |K|. The
upward nesting level is varied between 0 and |I| (as the
number of customers provides an upper bound for the
number of segments) and the weights of α and ω between
0 and 1 in 10 equidistant steps (with π automatically
resulting).
Table 2 presents the OTSL resulting for the different
values of |K| at the service level-optimal relative weights
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Table 2. On-time service levels per ADI accuracy error and number of customer segments.
erracc
|K|
|K|
|K|
|K|

=
=
=
=

2
4
6
|I|

P1
0.03

P2
0.19

P3
0.27

P4
0.31

P5
0.41

P6
0.38

P7
0.40

P8
0.44

P9
0.51

P10
0.65

23%
24%
28%
35%

31%
33%
34%
41%

35%
35%
39%
43%

22%
24%
25%
29%

31%
31%
35%
42%

25%
26%
29%
33%

28%
32%
33%
37%

29%
32%
34%
37%

23%
25%
28%
29%

28%
35%
37%
31%

of α and ω and an upward nesting level of 0. Only for P10
showing exceptionally low predictive quality of demand
data (erracc = 0.65), it is better to aggregate customers
into segments. However, the size of these segments lies
between two and three customers, which is much smaller
than the segment size used in conventional demand fulfilment approaches (e.g. Meyr 2009). The reason for this
is that in our B2B setting, the number of customers is
small and sufficient information on customer-specific
ADI accuracy is available. The table shows that for all
other portfolios the service level-optimal number of customer segments equals the number of customers. This
shows that our approach allows an efficient reallocation
of available supply exploiting customer-specific information and does not have to rely on the pooling effect of
segmentation. Only when the predictive quality of the
data is low, segmentation may be useful.
If upward nesting is allowed (n > 0), then the results
are even more in favour of not combining customers into
segments. This is because upward nesting reduces the
advantage of segmentation by adding flexibility in order
promising also for allocation planning on customerindividual level.
The maximum OTSL in Table 2 for all contract portfolios is approximately 40%. These rather low values result
from the experimental design. The distribution of ATP is
not aligned with the distribution of the requested delivery dates of customer orders, the customer segments are
nested, and the total customer demand exceeds the total
available supply significantly by 20%.
Consequently, early incoming orders consume large
parts of the supply becoming available in later time periods. Hence, most of the later incoming orders cannot
be promised on time. The theoretical maximum of 80%
would be achieved, if all supply would be available already
at the beginning of the experiment and the ADI and,
hence, the AATP would be unbiased.
Figure 3(a) shows the average difference in OTSL
over all contract portfolios and the average difference
in OTSL for the contract portfolios with the lowest
and highest erracc (values of 0.03 and 0.65) for differn
ent levels of |I|
. The x-axis thus represents increasing
n
= 1 representing
upward nesting possibilities, with |I|
full upward nesting, and thus a first-come-first-served

(FCFS) approach in order promising. All figures are
shown relative to the OTSL at an upward nesting level of
n = 0 and at the optimal levels for α and ω.
For all contract portfolios, the OTSL increases up to a
certain level of n and decreases monotonically for higher
values of n. For high n the OTSL falls below the OTSL
without upward nesting. The reason for the increase
of the service level for small n is that errors in customer accuracy values can be compensated in the order
promising process. However, with further increasing n
and a move towards the FCFS approach, service levels are decreasing. Seitz, Grunow, and Akkerman (2020)
already show that an FCFS order promising leads to lower
service levels than allocation planning based demand
fulfilment.
Figure 3(b) presents the relative service level-optimal
n
upward nesting level |I|
for the erracc -values of the contract portfolios investigated. It shows that the choice of n
depends on the predictive quality of data. For low values
of erracc the optimal n is smaller than for high values.
For the service-level-optimal values of n and |K|,
Figure 4 shows the average relative difference of the OTSL
relative to the case when α and ω are set to 0 for different levels of α and ω. The average is taken over all 10
investigated portfolios. The figure illustrates that, for the
in-sample data, the OTSL can be increased significantly
(44% at the maximum) when customer order lead times
and the accuracy of ADI of the customers are taken into
account. In Section 4.3, we investigate, if such benefits
also exist for out-of-sample data.
Table 3 shows the service-level-optimal α, ω, and π
levels for all 10 contract portfolios separately. It shows
that with decreasing predictive quality of ADI data, customer order lead times get emphasised more in the customer scores. In other words, the service-level-optimal ω
increases with increasing erracc . Therefore, it is important
to know the predictive quality of data in order to be able
to determine the correct values of α, ω, and π .
The impact of the parameter variations on profit
is small. Compared to a profit-optimal parametrisation, the profit only declines by an average of 0.19%,
when using the service-level-optimal parameters. For our
out-of-sample numerical experiments, we therefore use
the service-level-optimal parameters.
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Figure 3. (a) Relative diﬀerence in on-time service level by upward nesting level, (b) relative service level-optimal upward nesting level
by error of ADI accuracy.

Figure 4. Average on-time service level performance of contract
portfolios.

Table 3. Service-level-optimal weight factors.
err
α
ω
π

acc

P1

P2

P3

P4

P5

P6

P7

P8

P9

P10

0.03

0.19

0.27

0.31

0.41

0.38

0.40

0.44

0.51

0.65

0.6
0.4
0.0

0.5
0.4
0.1

0.4
0.6
0.0

0.5
0.4
0.1

0.4
0.5
0.1

0.4
0.6
0.0

0.3
0.7
0.0

0.2
0.8
0.0

0.1
0.8
0.1

0.0
1.0
0.0

4.3. Numerical results
In the following, we investigate the demand fulfilment
performance of our framework and derive insights on
how to design contract portfolios for the set of customers.
For this, we use the parameters determined in Section 4.2
and run our framework using the last 26 weeks of data in
our datasets.

4.3.1. Impact of parametrisation
In this section, we determine the importance of individual, portfolio-specific parametrisation of our framework and draw conclusions on its ease of implementation. Here, individual, portfolio-specific parametrisation
means that parameters are determined for each portfolio individually, as opposed to using the same parameter
setting across all portfolios.
Table 4 shows the OTSL resulting from different levels of exact parametrisation. The second row of the table
shows, which parameters are set to the exact values determined in Section 4.2. The parameters that are not shown
in row 2 are set to the average of the exact values over all
10 datasets.
The table illustrates that portfolio-specific parametrisation (i.e. the last column) consistently leads to the
highest OTSL. Comparing the values to the in-sample
results in Table 2 shows that the usage of our framework on out-of-sample data leads to equally good results.
In other words, the parametrisation of our approach
robustly leads to good results also for out-of-sample data.
Table 4 further shows that using average values for the
parameters on average results in reasonable performance
of the approach. This would make implementation easy.
However, portfolio-specific parametrisation would further improve the performance of the approach, as the
difference between the OTSL resulting from portfoliospecific parametrisation and the OTSL resulting from
parametrisation with averages can be significant (as, e.g.
for P10, where an increase from 29.7% to 36.2% is
observed).
We conclude that where possible, portfolio-specific
values for n, |K|, α, ω and π should be used. As Section
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Table 4. Impact of portfolio-speciﬁc parametrisation.
OTSL

P1
P2
P3
P4
P5
P6
P7
P8
P9
P10
Average

–

α,ω,π

α,ω,π,|K|

|K|,n

α,ω,π,n

α,ω,π ,n,|K|

32.2%
40.2%
43.2%
31.6%
42.9%
40.3%
36.4%
38.7%
34.0%
29.7%
36.9%

34.7%
41.0%
43.2%
33.1%
43.7%
40.3%
38.2%
40.7%
34.5%
32.3%
38.2%

34.7%
41.0%
43.2%
33.1%
43.7%
40.3%
38.2%
40.7%
34.5%
34.5%
38.4%

34.2%
40.6%
43.9%
31.6%
42.9%
40.3%
36.4%
40.9%
34.7%
35.4%
38.1%

35.9%
41.8%
43.9%
33.1%
43.7%
40.3%
38.2%
41.3%
35.4%
33.2%
38.7%

35.9%
41.8%
43.9%
33.1%
43.7%
40.3%
38.2%
41.3%
35.4%
36.2%
39.0%

Table 5. The value of considering order lead time, ADI accuracy
and proﬁtability in demand fulﬁlment.
OTSL

P1
P2
P3
P4
P5
P6
P7
P8
P9
P10

π =1

α=1

ω=1

All

25.6%
26.8%
27.8%
26.3%
26.1%
28.9%
28.3%
24.5%
26.6%
27.0%

28.7%
29.9%
31.2%
25.9%
30.5%
28.2%
28.5%
27.1%
26.4%
26.1%

35.1%
37.3%
38.5%
32.1%
39.8%
37.0%
36.6%
37.2%
35.0%
35.8%

35.9%
41.8%
43.9%
33.1%
43.7%
40.3%
38.2%
41.3%
35.4%
36.2%

4.2 shows, this has to be done based on historical data and
in dependence of the predictive quality of ADI; i.e. erracc .
4.3.2. Performance analysis of proposed demand
fulfilment methodology
Previous work has primarily used profitability in demand
fulfilment mechanisms. Some recent research also considered ADI accuracy. The sole consideration of profitability and/or ADI accuracy is a special case of our
approach. In this section we measure the performance
of our framework in relation to this previous work and
determine the value of considering order lead times.
Table 5 compares our approach of using a combination of profitability, ADI accuracy, and order lead time as
allocation criteria to an exclusive consideration of either
profitability or ADI accuracy. Table 5 shows the OTSL
of our framework, when only profitability is considered
(π = 1), ADI accuracy is considered (α = 1), only order
lead times are considered (ω = 1), and when all parameters are taken into account (all). For all scenarios, the
values of the parameters n and |K| are set to the servicelevel-optimal values determined in Section 4.2.
Table 5 shows that considering all parameters of the
framework consistently leads to the highest OTSL values. Only considering profitability or ADI accuracy leads
to relatively low OTSL for all 10 portfolios. Taking only
order lead times into account leads to a significant

increase of OTSL when compared to only considering
profitability or ADI accuracy. For the portfolios showing
low predictive quality of data, only considering order lead
times results in good OTSL values also compared to the
case making use of all parameters.
Our analysis shows that taking order lead times into
account has a high positive influence on the performance of the demand fulfilment process. This is because
it allows prioritising customers with long order lead times
in the allocation planning step. When their orders realise,
excess allocations resulting from biased ADI can be redistributed without loss of OTSL because other customers
place their orders later. The additional consideration of
ADI accuracy reduces the risk of excess allocations and
leads to even higher performance, if the predictive quality
of historical ADI accuracy values is high enough.
4.3.3. Dependence of customer service levels on the
design of contract portfolios
This section draws conclusions on how contract portfolios should be designed such that the resulting interdependencies of the length of customer order lead times and
the accuracy of ADI maximise the overall OTSL of the
supplier. For the analysis, we run our demand fulfilment
framework on the last 26 weeks of our dataset, using the
parametrisation determined in Section 0.
Figure 5(a) shows the OTSL of the 10 portfolios in
dependence of the average customer order lead time of
the portfolios. The linear regression function evaluating
the strength of the correlation of the length of the average customer order lead times and the resulting OTSL
is shown as a dotted line. Its R2 value of 0.00 shows
that the two measures do not correlate. This is especially
interesting because practitioners often solely focus on the
negotiation of long order lead times with their customers.
Figure 5(a), however, demonstrates that the length of the
order lead time alone does not determine the OTSL.
Figure 5(b) shows the OTSL of the 10 portfolios in
dependence of the correlation r(olti , acci ) between order
lead times and ADI accuracy. If r(olti , acci ) is positive,
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Figure 5. On-time service level in dependence of (a) the average customer order lead time; (b) the correlation of order lead time and
advance demand information bias.

customers with long order lead times provide more accurate ADI than customers with shorter order lead times
and vice versa.
Figure 5(b) shows better OTSL when order lead times
and ADI accuracy are negatively correlated. Further, the
OTSL grows with the strength of the correlation. The
linear regression function (dotted line) illustrates this
negative correlation of r(olti , acci ) and OTSL. Its R2 value
of 0.60 indicates that it describes the relation well.
A negative r(olti , acci ) leads to high OTSL values
because ADI-bias-caused excess allocations for customers with long order lead times can be reallocated to
customers with shorter order lead times but more accurate ADI. The redistributed supply allocations are less
likely to be excessive because the ADI of the customers
to which the supply is allocated is more accurate. Hence,
the utilisation of the available supply as well as the overall
OTSL are improved.
We therefore conclude that it is more important to
design contract portfolios such that order lead times and
ADI accuracy are negatively correlated than to maximise
the average order lead times. Also, our results suggest
that efforts to increase accuracy should focus on customers with short lead times, as this would enable a more
efficient reallocation process.

5. Managerial implications and conclusion
When supply is short, the focus of the supply chain planning processes of the supplier and the advance demand
information (ADI) of the customers shifts to demand fulfilment. In this process, the maximum supply output of
the chain is distributed to the customers by means of

customer segmentation, supply allocation planning, and
order promising.
In this research, we analyse industrial contract portfolios with customer-specific terms for order lead times
and ADI accuracy in order to derive insights for contract portfolio management. For this purpose, we investigate different portfolio designs in the dynamic context
of industrial planning processes, for which we develop
a framework that captures the interrelationship between
order lead times and ADI accuracy. As such, the approach
extends previous literature by not only taking profitability and accuracy of ADI of individual customers into
account, but also specifically considering that different
customer can have different order lead times. The consideration of customer-specific lead times is essential for
efficient demand fulfilment processes. In order to reflect
changing customer ordering behaviour, we use a dynamic
process to continuously update customer data. If the
ordering behaviour is hard to represent accurately for
individual customers, we either allow for upward nesting in order promising to increase the flexibility of the
approach or dynamically group customers into segments.
In a numerical study, we first demonstrate how to
set up the framework for different contract portfolios
in our semiconductor industry setting. We show that
demand fulfilment should take all contract terms, including order lead times and historical forecasting and ordering behaviour of all customers into account, that it should
be performed on the individual customer level, and that it
is of special importance to determine the predictive quality of ADI in order to be able to parametrise our framework right. Furthermore, the analysis illustrates that our
framework leads to significant improvements in service
levels and robustness in performance.
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Second, we derive insights aiding suppliers in their
contract portfolio management. Our analysis shows that
demand fulfilment performance is not primarily determined by the absolute length of the order lead times
but by the presence of a negative correlation with the
accuracy of advance demand information in the entire
contract portfolio. Then, excess allocations can be reallocated to other customers without loss of service levels. Consequently, suppliers should consider the portfolio of all customers and negotiate relatively long order
lead times for customers showing relatively low accuracy
of advance demand information. Alternatively, suppliers
could initiate a discussion on ADI accuracy with customers with relatively short lead times, with the aim of
increasing their ADI accuracy and establishing a more
efficient allocation process by improving the reallocation
opportunities. These insights also help focus the attention of customer relations resources in efforts to achieve
the best possible service levels and resource allocations in
situations with supply shortage.
Previous research also studied the use of supply reallocation to increase the efficiency of allocation processes in
which differences between ADI and final order quantities
exist (e.g. Esteso et al. 2018, 2019; Xu and Chen 2021).
Previous work (Pekgün et al. 2019; Seitz, Grunow, and
Akkerman 2020) also shows that suitable allocation processes can incentivize customers to provide truthful ADI,
which reduces inefficiencies. However, none of these previous studies specifically addresses the impact of order
lead time agreements on reallocation. The results presented in this paper show that a portfolio perspective
on contracts with heterogeneous lead times significantly
increases the efficiency of the allocation process. As long
as the predictive quality of the historical data is sufficient,
the demand fulfilment process does not even have to rely
on pooling effect of segmentation extensively studied in
previous research (e.g. Meyr 2009).
It should be noted that the allocation planning and
order promising approaches are executed on the level of
individual products. Depending on product and market
characteristics, this also allows different parametrisation
for different products. Our approach assumes that different customers demand the same product. For highly
customised products our approach has to be applied to
more generic semi-finished products used for multiple
customers.
In situations where the supply shortage is transient,
the allocation planning and order promising procedures
can be kept in place when companies move in and out
of supply shortage situations. This is beneficial because
(1) it avoids having to reconfigure the planning systems
used for the demand fulfilment procedures, and (2) it

allows for a faster response when a company moves into
a shortage situation again.
For future research, considering additional data in
demand fulfilment activities is interesting. For example,
substitution of products taking into account the individual willingness of customers to substitute has not been
dealt with so far. Also, including uncertainty of supply and volatility of demand after order realisation is a
further extension possibility. Moreover, further investigating the interactions between supply network planning,
demand fulfilment, and customer contracting is an interesting direction of further research. In many industries,
production quotas for supply planning are negotiated
between different business divisions of a company. For
example, efforts could be spent on integrating this type
of allocation with supply allocation for customers taking
contracts into account and streamlining all these activities in a holistic approach aiming at the maximisation
of customer service levels and profits, in collaboration
between supply chain planning and contracting departments.
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Appendix. Minimum segment size
In our customer segmentation model, we set the minimum
segment size smin to a value that aims at achieving a trade-off
between balanced segment sizes and flexibility in segmentation. To achieve this, we set smin such that a prioritised sequence
of customers S would have at least (smin − 1) unassigned customers between the |K| segments of size smin if these were
formed as evenly positioned along the sequence S as possible. For |I| = 9 customers and |K| = 3 segments, this would
for instance hold for a minimum segment size smin = 2, as
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illustrated in (A1) below.
S = {(1 2)

3 4 (5 6)

7

(8 9)}

(A1)

For |I| = 20 customers and |K| = 4 segments, it would
hold for a minimum segment size smin = 3, leaving in total 8
customers to be assigned.
To formulate this in general, the above-mentioned principle
means that the customers would get divided in |K| segments of
size smin , and |K − 1| unassigned sets of customers with a set
size of at least (smin − 1). From this, it follows that
|K| · smin + (|K| − 1) · (smin − 1) ≤ |I|

(A2)

Rewriting this inequality as a condition on smin leads to
smin ≤

|I| + |K| − 1
2|K| − 1

(A3)
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This means that the largest possible integer value for smin
that would still satisfy this condition would be
|I| + |K| − 1
2|K| − 1

(A4)

which we can then use this as the minimum segment size in our
work. Note that the example given in (A1) is only used to motivate the derivation of the minimum segment size. The general
condition may lead to very different clusters. For example:
S = {(1 2)

(3 4) (5

6

7

8

9)}

(A5)

In situations in which a single customer makes up most of
the sales volume, our minimum-segment-size approach might
not be appropriate, and an alternative approach can and should
be used.

