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Abstract In a stochastic environment pooling naturally leads to economies of scale,
but heterogeneity can also create variability. In the article, we investigate this trade-off
in the case of a manufacturing environment. Pooling for queueing systems has been
widely investigated in the literature on the design of service systems; however, much
less attention has been given to manufacturing systems where jobs are given a due
date upon arrival. In such systems it is not the elapsed time until the actual comple-
tion of the job that counts, but rather the due date lead time that can be promised to
the customer in order to guarantee a high service level. The purpose of the article is
to get a deeper understanding about how pooling strategies and lead-time decisions
can be implemented to attain a high due-date performance. To this end, we develop
a simulation and analytical study to determine the benefits of pooling manufacturing
systems with heterogeneous demand streams. Our work allows managers to identify
the characteristics of production systems such that a pooling strategy would be benefi-
cial. Our results demonstrate that when a due-date setting and scheduling mechanism
is implemented, heterogeneity does generally not lead to deterioration of performance,
as previously observed in service environments. Our studies also reveal that the ben-
efits of pooling in terms of the expected sojourn time obtained by a simple analytical
treatment can serve as a good prediction of the benefits of pooling on the average due
date lead time in a wide range of situations.
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1 Introduction

There is a clear trend in manufacturing towards product variety and heterogeneity.
For example, a study about the retail sector in the food industry of several European
countries showed that the number of different products increased by 53% from 2000
to 2010 (Swinnen and Van Herck 2011). Moreover, the number of companies declined
while the size of the survivors increased. As a consequence, manufacturers must find
ways to diversify their production without losing competitiveness. One way to deal
with the expansion of product variety is leveraging economies of scale across different
products. The advantages of economies of scale can be viewed in terms of cost savings
or better operational performance such as a quick and reliable delivery.

Pooling i.e., the replacement of several facilities/operations by a functionally equiv-
alent single facility/operation (Mandelbaum and Reiman 1998), can represent an
important source of economies of scale. Pooling productive activities is becoming
a common practice among independent decision-makers across many industries. As
an example, we cite the joint venture Behr-Hella Service whose major objective is
pooling resources and expertise devoted to the after-market sales and service of their
products (Hella Australia Pty Ltd 2007). It is more likely that non-competing compa-
nies with similar business and processes will collaborate through pooling. One reason
lies in avoiding potential antitrust problems that can occur when competing companies
share their operations or resources. The pooled design of non-competing companies
faces an increased degree of heterogeneity and variability in customer and process
requirements which can diminish the benefits of pooling. It is thus necessary to get a
deeper understanding about the interplay between economies of scale and variability
in manufacturing.

In this article, we shed a new light on this dilemma by studying a manufacturer
whose objective is to quote due dates to its customers with the shortest possible due-
date lead times (difference between the due date of the order and its arrival time)
while being able to respect those due dates with a high probability. The due date
quotations have to be coherent with the scheduling that the manufacturer applies in
the production system (Wein and Chevalier 1992). Thus, the objective of this paper is
to analyze whether pooling two or more such types of systems allows manufacturers
to obtain economies of scale.

By quoting short and reliable due-date lead times, the manufacturer tend to have a
powerful marketing advantage (Li and Lee 1994; Duenyas 1995; Easton and Moodie
1999) and can obtain a price premium, attract customers, and ensure long term prof-
itability (Keskinocak and Tayur 2004; Yu et al. 2013). Moreover, on-time delivery of
parts enable the manufacturer to maintain the long-term relationships with its cus-
tomers (see Li et al. 2015). If the manufacturer provides short delivery times by a
scheduling rule which shortens flow times, then work-in-process and inventory car-
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rying costs may be also reduced. As a consequence, the company may win more
orders (Easton and Moodie 1999), and gain the competitive advantage. In our model
we suppose that the manufacturer determines the due-dates unilaterally such as to
promise the shortest possible average lead-time. We suppose also that all orders are
not differentiated in terms of lead-time importance as is typically the case in large
volume manufacturing environments. This would not be applicable to the case where
the due-dates of orders are negotiated individually.

Our findings bring both theoretical insights and practical applications. From a theo-
retical point of view, our contribution lies in providing the first approach to bridge the
gap between the literature on pooling queueing systems and the literature on due-date
management. The literature on economies of scale associated with pooling queue-
ing systems has considered mainly service environments. In such environments, it is
often desirable to maintain a First-Come-First-Served (FCFS) discipline as in e.g.,
banks, shops, and restaurants in order to treat all customers in a fair manner. The
conclusion of these studies is that when customers are heterogeneous the economies
of scale tend to disappear because of the additional variability brought by the hetero-
geneity. In contrast to these studies, we analyze how the additional flexibility brought
by the due-date setting and scheduling policies can be used to deal with the variability
resulting from pooling production systems with heterogeneous demand streams. Our
results reveal that, for a wide range of instances, manufacturers should not be afraid
of diversity when pooling production resources. In other words, companies can create
economies of scale by pooling their operations even in the case of high heterogeneity
and increased product variety.

The remainder of the paper is structured as follows. In Sect. 2, we present an
overviewof the existing literature. In Sect. 3,we describe the production configurations
considered and the due-date setting and scheduling problem. In Sect. 4, we perform a
simulation study to evaluate the due date performance of a pooled production system.
In particular, we present the experimental design (Sect. 4.1), and describe the results of
experiments performed (Sect. 4.2). The simulation study has the following purposes.
First, we show that the main insights hold for different pooling scenarios (Sect. 4.2.1).
We then demonstrate how much the additional flexibility can be exploited by due-
date setting and scheduling policies. To this end, we contrast our results with those
for the base case studied extensively in the literature on pooling service operations
(Sect. 4.2.2). Finally, we examine the impact of pooling on each type of system/product
that is pooled under the different due-date setting policies (Sect. 4.2.3). As simulation
models are often expensive and time-consuming todevelop (Law2007, p. 77), inSect. 5
we develop an analytical study for simplified settings to obtain deeper insights into
pooling in manufacturing. Interestingly, we show that our simple analytical treatment
can serve as a good indicator of the benefits of pooling on the due-date performance in
a wide range of situations. In Sect. 6, we conclude and discuss limitations and future
directions.
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2 Literature review

In the following subsections, we give an outline of the existing works on related topics
and our contribution for each topic.

2.1 Pooling queueing systems

The benefits of pooling for queueing systems have been extensively studied in the oper-
ations research and operationsmanagement literature starting fromStidham Jr. (1970),
Smith andWhitt (1981),Rothkopf andRech (1987). These benefits are assessedmainly
by comparing the expected waiting time (Smith andWhitt 1981; Benjaafar 1995; Dijk
and Sluis 2008) or the mean sojourn time (Mandelbaum and Reiman 1998; Enns
and Grewal 2010) for pooled and dedicated systems. These studies mainly concern
service environments restricted to the FCFS priority. Some applications are in call
centers (Dijk and Sluis 2008), communication networks (Smith and Whitt 1981) and
computer systems (Kelly et al. 2009).

Research on pooling for manufacturing environments is still scarce. Pooling in
production and inventory systems is considered in Iyer and Jain (2004), Benjaafar
et al. (2005). Enns and Grewal (2010) investigate pooling in batch manufacturing
environments with setups and the FCFS priority. Zhang et al. (2013) consider pooling
of make-to-stock (MTS) and make-to-order (MTO) operations and its impact on the
three performance measures: average finished goods inventory, MTS stockout proba-
bility and MTO queue length. The authors implement a congestion-based switching
policy in such a way that machines can dynamically switch between MTS and MTO
production. Given the complexity of the problem, the MTS production is controlled
by a base stock policy and the MTO production follows a FCFS rule. Motivated by
the importance of improving the due-date performance for the competitiveness of a
company, we consider a different problem in which we examine the impact of pooling
and lead time decisions on the due-date performance.

There are two papers closely related to our work. Dijk and Sluis (2008) investigate
the benefits of pooling on the expected waiting time for a multi-server call center
which serves two job types according to the FCFS policy. The authors point out that
the resource pooling can be counter-productive under high utilization, customer het-
erogeneity and a small number of servers. In order to reduce the impact of uncertainty,
the authors deal with an alternative multi-server flexible system with an overflow and
threshold policy. Their results show that such a configuration can outperform two
extreme cases: a strictly dedicated and pooled configurations. Tekin et al. (2009) fur-
ther investigate benefits of partial pooling on the expected waiting time in call centers
under the FCFS and a non-preemptive priority. Although, the authors consider a com-
mon practice in call centers according to which utilization rates are identical across
servers, inmanufacturing environments this is often not the case. Given the complexity
of the problem considered, the authors use queueing approximations for the expected
sojourn time in a multi-server system under the non-preemptive priority, which may
limit their model to be accurate only for low levels of heterogeneity. In contrast to the
two previous works, we investigate the benefits of pooling in a manufacturing envi-
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ronment with due dates and heterogeneous order types. In such an environment the
objective of the company differs and an important measure of performance is due-date
related rather than the time that customers spend waiting before being served. In order
to minimize the average due-date lead time (DDLT), a policy which prioritizes orders
according to their due dates rather than their arrival times is employed. Moreover, we
investigate the impact of increased heterogeneity in service times and traffic loads on
the decision to pool resources.

The benefits of a pooled single-server systemhave been investigated in the literature.
For example, Iyer and Jain (2004) investigate these benefits for inventory costs when
a pooled single capacity is owned by two companies which serve demands from two
warehouses with separate ownerships. In a more general setting, Mandelbaum and
Reiman (1998) investigate the benefits of pooling in queueing networks on the mean
sojourn time. We build upon these works to investigate the due-date performance
of a pooled single-facility system in the presence of different due-date setting and
scheduling policies.Moreover, we demonstrate that the assumption on a single-facility
system does not limit our study nor insights obtained.

2.2 Due-date management

A wide body of research on the due-date management problems focuses on due-date
quotation and scheduling issues. The literature on this topic distinguishes two types
of due-date setting practices, namely: static and dynamic (see e.g. Keskinocak and
Tayur 2004; Kapuscinski and Tayur 2007). The first one assigns a constant DDLT to
each incoming customer (as in e.g., Baker and Bertrand 1982; Cheng and Gupta 1989;
Azaron et al. 2011); the second one assigns a DDLT dynamically based on the state
of the system (as in e.g. Bookbinder and Noor 1985; Sridharan and Li 2008; Kaman
et al. 2013; Slotnik 2014). Wein (1991), Wein and Chevalier (1992), and Hopp and
Sturgis (2000) develop models which quote due dates dynamically in order to satisfy
a global service level such as the percent of orders satisfied on time, the fraction of
tardy jobs, and the average job tardiness. Although it is common to quote fixed due
dates in practice, a vast body of research finds that dynamic due-date setting methods
provide better performance for the measures based on the flow time and tardiness (see
e.g. Wein and Chevalier 1992; Vinod and Sridharan 2011).

Mostworks on due-date quotation and scheduling investigate the influence of differ-
ent scheduling policies such as the earliest due date, the slack, the shortest processing
time, the shortest remaining processing time and the FCFS on the DDLT performance.
Examples include Wein (1991), Kaminsky and Lee (2008) and Altendorfer and Jodl-
bauer (2011) for a single-machine due-date management problem; and Baykasoğlu
et al. (2008), Vinod and Sridharan (2011), Chen and Matis (2013) and Hübl et al.
(2013) for a job-shop due-date management problem. For instance, Vinod and Sridha-
ran (2011) compare different combinations of existing due-date setting methods and
scheduling rules in a dynamic job shop production system. These works consider the
global due-date performance measures such as the long-run average flow time, the
long-run average DDLT, the percentage of tardy jobs and the average tardiness over
all order types. However, to decide to pool or not operations for heterogeneous cus-
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tomers, the impact of such decision should be investigated for each operation that is
pooled. Therefore, we investigate how this decision influence the overall performance
and the performance of each order type that is pooled.

Another body of research on due-date management takes into account the order
selection and customer preferences towards the quoted lead times. Duenyas and Hopp
(1995) consider a due-date setting problem with a single customer class and single-
facility when the proportion of customers that place orders depend on the quoted lead
time. Duenyas (1995) extends the previous study for a single-facility due-date setting
problem with multiple customer classes. The customer classes in the study differ in
their preferences towards lead times and prices. The author shows that the earliest
due date setting policy is optimal in the absence of heterogeneity in order sizes or
processing times. The efficiency of the proposed heuristics are evaluated under the
variety of different conditions such as different levels of utilization, and different
types of demand functions. Kapuscinski and Tayur (2007) derive the optimal policy
for the due-date quotation problemwith stochastic demand from two customer classes.
The classes penalize with different contribution margins the quoted lead times. The
authors study the trade-off in which quoting a shorter lead time for a low-margin
customer could increase the cost from the high-margin class which would wait longer.
Keskinocak et al. (2001) consider a company that decides whether to accept or reject
an arriving order. If the order is accepted, a reliable lead time is quoted. The order,
however, will be lost if it is not processed within its interval of availability. Li et al.
(2012) consider a firm that faces stochastic demands sensitive to price and lead times.
The company needs to make decisions regarding the order acceptance or rejection, the
trade-off between price and lead-time, and the potential for increased demand against
capacity constraints.

In some real-life situations, due dates and prices are determined as a result of sale
negotiations with customers, or due dates are imposed by the customer. Such situations
have also attracted substantial academic interest. Easton and Moodie (1999) develop
a probabilistic model for the optimal pricing and due date setting problem, where
customers may decide to accept, reject or to initiate negotiations for more favorable
terms. Watanapa and Techanitisawad (1999) extend the model to deal with multiple
customer segments. Altendorfer and Minner (2015) develop a queueing model for
an MTO production system to treat the situation where customers decide whether to
place the order or not based on their required lead time and some information from
the manufacturer about the queue state dependent production lead time. Altendorfer
(2015) considers an MTS production system of a company with multiple items and
random customer required lead times. The company makes decisions concerning a lot
size and planned lead time taking into account the customer lead times, setups between
the production orders, and service level. The company can satisfy the customer order
from the stock, already released production order, or by releasing the new production
order. The author shows that in order to increase the service level, the lot size and
planned lead time should increase, and thus the pre-production on stock.

Our focus is on manufacturing environments, where repeated purchases are made
in a typical MRP type environment. Short due-dates are important as this will improve
the overall response time of the supply chain and the reliability is important to avoid
cascading perturbations. Also in such environment orders are placed and confirmed on

123



Pooling heterogeneous products for manufacturing environments 179

a routine basis, and special requirements in termsof due-date are handled as exceptions.
Our objective is to find the due-date quotation and scheduling rules that will minimize
the average DDLT under the service level constraint on percentage of orders satisfied
on-time as in Wein (1991), Wein and Chevalier (1992), Hopp and Sturgis (2000).
Although, there may be situations where a customer may want to negotiate an earlier
or later due date than the one quoted, this is considered as an exception and should
not alter significantly the overall performance of the system.

Our paper, in which we investigate the potential value of having a more flexible
manufacturing environment, represents a direct extension of the existing works on
due-date management. In such a flexible environment, manufacturing operations can
be pooled under different degrees of heterogeneity in customer requirements, vari-
ability, product variety and utilization. Despite the large body of research on due-date
management problems, economies of scale for such systems have, to our knowledge,
not been explored.

3 Problem description

3.1 A model for dedicated and pooled manufacturing operations

The reviewed literature has evaluated benefits of pooling by comparing the perfor-
mance of the pooled system with the traditional ”stand-alone” situation in which each
order type is assigned to its own facility (see e.g., Mandelbaum and Reiman 1998;
Iyer and Jain 2004; Dijk and Sluis 2008; Tekin et al. 2009). Thus, we follow the same
idea by considering the two benchmark configurations with equal capacity, namely
the dedicated configuration (denoted by d) and the pooled configuration (denoted by
p).

We consider that orders from n demand streams arrive to each production con-
figuration dynamically and stochastically along the planning horizon. Each demand
stream corresponds to one product type. An order type is characterized by its arrival
process and processing time distribution. As soon as an order arrives, a due date must
be assigned according to a specific due-date setting policy.1 Thus, the objective of the
company is to quote due dates with the shortest possible average DDLT while being
able to provide a high service level of each order type. The service level is defined as
the percentage of orders finished on time.

The due-date management problem for the dedicated and pooled configurations
with two order types is illustrated in Fig. 1a, b, respectively. We have kept our models
quite simple in order to better emphasize the effect of the pooling decision. With such
models, we are able to provide a deeper understanding of the relationship between the
DDLT performance and pooling strategy.

In the dedicated configuration, each demand stream is handled by an independent
facilityMd

i .Whenever a facility is occupied, the orders that arrive in themeantimewill
form a queue. We denote by qdi the queue for orders of type i (i = 1, 2, . . . , n) that

1 We restrict our attention to the case in which a manufacturer assigns a due date to the incoming order (as
opposed to customer requested due dates).
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Fig. 1 Due-date management problem for the two production configurations: a dedicated and b pooled

wait for service at Md
i (see Fig. 1a). In order to determine which job from the queue

to process next, the company employs a specific scheduling policy. The production
facility in configuration d could involve a series of processes, but we model it as a
single-server queueing system. This is done in order to isolate the effect of hetero-
geneity in demand patterns and processing times from other effects that can occur in
such complex environments. We follow in this a long stream of literature (see e.g.,
Jordan and Graves 1995; Buzacott 1996; Iyer and Jain 2004; Benjaafar et al. 2005).

In the pooled configuration, we consider that all demand is treated together in a joint
facility Mp (see Fig. 1b). We denote q p the queue for the pooled demand streams that
wait for processing at Mp. As for the dedicated configuration, the next job to process
is determined by a scheduling policy employed; however, in the pooled configuration,
there ismore freedom in scheduling because the facility can choose a job fromdifferent
order types to process next. The pooled configuration results from the aggregation of
the different production facilities in order to handle all demand types. We suppose that
the production and demand characteristics are not affected by pooling. The operations
of the pooled configuration can potentially be evenmore complex than in the dedicated
case, however, we model the resulting facility as a single server queueing system with
n order types in order to isolate the effect of the pooling decision. In Sect. 4.2.1, we
show that the main insights obtained for the single-server pooled configuration hold
for the pooled configuration modelled as a multi-server parallel queueuing system.

We assume that order type i has its own exponential processing time distribution
with mean τi and its Poisson arrival process with rate λi . We make such assumptions
because a coefficient of variation close to 1 corresponds to typical values for variability
in manufacturing settings (Hopp and Spearman 2008). The traffic load of order type i
is ρi = λi · τi . To ensure the stability of the system ρi < 1. Therefore, configuration d
is modeled as n independent M/M/1 queueing systems. Similarly, configuration p is
modeled as amulti-classM/M/1 queueing system. This could be the case, for example,
when two partners aim to determine whether to build their own facility or to invest into
a shared one. Thus, in order to make a comparison between the two configurations,
we consider that the global capacity of the pooled configuration is equivalent to the
sum of the production capacities of the n dedicated production systems. Consequently,
the processing times are n times faster in configuration p. The assumption about the
equal capacities is made in a large number of previous articles about pooling (see e.g.,
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Smith and Whitt 1981; Benjaafar 1995; Mandelbaum and Reiman 1998; Benjaafar
et al. 2005; Dijk and Sluis 2008).

We define Ds
i (t) as the due date assigned to the order of type i arriving at time t

to configuration s (s ∈ {d, p}). In configuration d, the due date is assigned to the

incoming order so as to minimize the average DDLT of type i , denoted by DDLT d
i ,

under the constraint on service level of order type i , denoted by SLi (the percentage of
orders of type i finished on time). In configuration p, due dates are assigned in order
to minimize the average DDLT of all order types while respecting the service level
of each order type.

3.2 Operating policies implemented in the manufacturing operations

In this section, we describe the scheduling policies (SP) and the due-date setting
policies (DDSP) considered.

3.2.1 Scheduling policies

In the dedicated production configuration with due dates, the orders are processed
according to the order that they arrived i.e., FCFS policy. In the pooled production
configuration with due dates, we consider three scheduling policies mostly studied
in the literature and generally preferred in practice (see e.g., Keskinocak and Tayur
2004; Baykasoğlu et al. 2008; Kaminsky and Lee 2008; Hübl et al. 2013): the shortest
expected processing time (SEPT) scheduling policy which assigns higher priorities
to order types with shorter expected processing times and it minimizes the expected
sojourn time, earliest due date policy (EDD) which assigns the priority to the job with
the earliest due date, and the least remaining slack policy (SLACK) which assigns the
priority to the job with the smallest slack (where the slack is the difference between the
due date of the order and its mean processing time plus time at which the scheduling
decision is being made).

3.2.2 Due-date setting policies

There are two common practices to assign due dates in production systems. The choice
of using either practice is often imposed to the manufacturer by the context in which
he/she is operating; thus, we examine the decision to pool resources for both practices.

One practice, the static policy (CON), assigns a constant DDLT to orders irrespec-
tive of the state of the facilities. Thus, Ds

i (t) can be expressed by the expression (1).

Ds
i (t) = t + f si , (1)

where f si represents the due-date lead time of an order of type i in configuration s.
Parameter f si is obtained via simulation such as to satisfy the service level of order
type i .
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Because of its simplicity for both the manufacturer and the customer, the static
policy is widespread among the MTO and MTS manufacturers. In particular, in the
MTS settings, a shorter lead time implies a lower inventory level.

Another practice, the dynamic due-date policy (DYN), is more sophisticated
because it assigns a due date to the incoming order based on the state of the system.
This practice is mainly implemented in pure MTO manufacturing settings and leads
to higher efficiency compared to the static policy, but the variability of the resulting
lead times tends to complicate the planning process for the customers. Following the
literature (see e.g., Bookbinder and Noor 1985; Wein 1991; Hopp and Sturgis 2000;
Vinod and Sridharan 2011), we employ a parametric DYN. Values of the parameters
are determined in such a way to obtain a high due date performance. Thus, Ds

i (t) can
be expressed by the following expression.

Ds
i (t) = t + ri · E[Ssi |X (t)], (2)

where ri represents a parameter obtained via simulation in order to satisfy the service
level of order type i , and E[Ssi |X (t)] represents the expected sojourn time of the
order of type i that arrived at time t conditional on the state of the system X (t) in
configuration s.

In configuration d, the dedicated facility Md
i can process only orders of type i ;

therefore, E[Sdi (t)|X (t)] is given by:

E[Sdi |X (t)] = τi + md
i (t) · τi + E[Rd

i (t)], (3)

where md
i (t) represents the number of orders of type i at time t at configuration d

waiting to be processed, and E[Rd
i (t)] is the expected residual processing time of the

order of type i being processed by Md
i at time t . For the exponential processing times,

the value of E[Rd
i (t)] is defined as follows:

E[Rd
i (t)] =

{
τi , if Md

i is busy,
0, otherwise.

(4)

In order to assign a due date with a short lead time, the cycle time should be
as short as possible. Therefore, to minimize the average DDLT, the due-date setting
policy which relies on the scheduling policy that minimizes the expected sojourn time
should be implemented. Therefore, in configuration p, E[S p

i |X (t)] can be obtained
by expression (5) assuming the SEPT policy (Wein 1991).

E[S p
i |X (t)] = τi

n
+

∑n
j=1m

p
j (t) · τ j

n
+ E[Rp(t)]

1 − σi−1
, (5)

where mp
j (t) represents the number of orders of type j at time t at configuration p

waiting to be processed, E[Rp(t)] is the expected residual processing time of the order
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being processed at time t by Mp, and parameter σi = 1
n

∑i
j=1 ρ j . For the exponential

processing times, the value of E[Rp(t)] is defined by expression (6).

E[Rp(t)] =
{ τi

n
, if at time t an order of type i(i=1,2,…,n) is being processed,

0, otherwise.
(6)

3.3 Evaluation criteria for pooling

We evaluate the gains that arise from pooling n dedicated production systems for a
specific performance measure for order type i , denoted by ε(PMi ), by the following
expression:

ε(PMi ) = PMd
i − PM p

i

PMd
i

, (7)

where PMs
i is the value of the performance measure for order type i in configura-

tion s ∈ {d, p}.
The pooling gains for a specific global performancemeasure is evaluated in a similar

way by the following expression.

ε(PMg) = PMd
g − PM p

g

PMd
g

, (8)

where PMs
g is the global performance measure for configuration s ∈ {d, p} (the

average value over all order types).
The pooling gain gives the proportion of improvement in the individual or global

performance measure when going from the dedicated to the pooled configuration.
As the objective of the manufacturer in Sect. 3.1 is to assign due dates with the

shortest possible averageDDLT, the performancemeasures of the interest for themanu-
facturer are the averageDDLTof order type i and the global averageDDLT (the average
DDLT over all order types) in configuration s, denoted by DDLT s

i and DDLT s
g ,

respectively. Thus, the evaluation criteria for pooling in manufacturing with due dates
are the pooling gains for the average DDLT of order type i and the global average
DDLT, ε(DDLTi ) and ε(DDLTg), respectively. In other words, the pooling gains are
defined as the relative reductions in the averageDDLTs if we pool dedicated capacities.

We also consider the expected sojourn time as a performance measure for pooling

gains. In particular, we denote by E
[
Ssi

]
and E

[
Ssg

]
the expected sojourn time of

order type i and the global expected sojourn time in configuration s, respectively. The
corresponding pooling gains are ε(E [Si ]) and ε(E

[
Sg

]
). If the value of pooling gains

for the the expected sojourn time are negative, it indicates that the performance is
degraded by pooling.

There are two reasons to calculate pooling gains for the expected sojourn time. As
we aim to compare pooling in manufacturing with pooling in services, we evaluate the
decision to pool service operations by computing the pooling gains for the expected
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sojourn times. This is because the expected sojourn time represents one of the most
important measures of a service system. Another reason lies in analytical tractability
of the model for simplified settings where the expected sojourn time is considered
instead of the due-date performance. Given that the DDLT that can be promised is
influenced by an order’s expected sojourn time, we aim to investigate whether the
pooling gains for the expected sojourn time obtained for such simplified settings can
represent good indicators of pooling gains for the DDLT.

4 Simulation study

We perform a simulation study in order to evaluate and compare the average DDLTs of
the two configurations. Simulation has been used extensively in the literature on due-
date setting and scheduling (see e.g., Baker and Bertrand 1982; Veral 2001; Vinod
and Sridharan 2011; Chen and Matis 2013). The main reason lies in the analytical
complexity of due-date setting and scheduling problems which obviate the possibility
of a theoretical treatment as explained in Barman (1998).

4.1 Experimental design

4.1.1 Experiment setting

In the numerical experiment,we consider that themanufacturer processes orders of two
types. We choose this setting because the contrast between orders is the largest and the
pooling decision is the most difficult. Indeed, orders with intermediary characteristics
would reduce the variance of the order sizes. We discuss this choice in Sect. 5.2.

The performance of the system depends on the characteristics of order types. There-
fore, an instance is determined by the traffic loads of each type (ρ1 and ρ2) and
the coefficient of heterogeneity c, defined as the ratio between the two order types
(c = τ2/τ1). We fix τ1 at unity and a service level of 95% of on-time delivery. We
remark that for a fixed traffic load there exists a direct link between the processing
times and the arrival rates i.e. λi = ρi/τi .

Utilization. To isolate the effect of heterogeneity in processing times or arrival rates
from the effect of asymmetry in workloads, we initially consider the case where the
workloads for the twoorder types are equal (balanced case). In the balanced case,we try
four different values for the average utilization rate: ρ = {0.6, 0.7, 0.8, 0.9}. We then
consider the unbalanced case with assymetric workloads. We represent the assymetry
in workloads by the coefficient δ defined as δ = ρ1/ρ2. We choose two values for
the asymmetry in workloads and the average utilization rate: the workload of one
order type is 50% higher/lower than the workload of the other type (δ = {2/3, 3/2})
and ρ = {0.6, 0.75}. This gives us four different combinations of ρ1 and ρ2 i.e.
(ρ1, ρ2) = {(0.48, 0.72), (0.72, 0.48), (0.6, 0.9), (0.9, 0.6)}.
Coefficient of heterogeneity. In order to investigate the impact of heterogeneity in
processing times on the decision to pool production systems, we set the coefficient of
heterogeneity to take the following values c = {4, 8, 12}. Therefore, in our experiment,
for a given traffic load, the order type will either have a fast service and frequent
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arrivals or a long service with infrequent arrivals. In practice this corresponds to
situations where one firm would be targeting clients with small orders, and another
one is targeting clients with larger orders.

4.1.2 Experimental procedure

In the simulation study, we consider six combinations of due-date setting and schedul-
ing policies for configuration p: CON-SEPT, CON-EDD, CON-SLACK, DYN-SEPT,
DYN-EDD and DYN-SLACK; and two for configuration d: CON-FCFS and DYN-
FCFS (DDSP-SP refers to a combination of due-date setting policy DDSP and
scheduling policy SP). Note that, we compare the due-date performance of the two
configurations under the same DDSP policy.

In total, there are 144 and 48 different instances for the pooled and dedicated con-
figurations, respectively. We construct two simulation models for the two production
configurations in order to study the pooling gains for these instances. Each experiment
was simulated during a period T = 200,000 time units and was replicated 40 times
using unique random numbers. The system was started empty and without a warm-up
period. We chose these simulation parameters in order to ensure that for the most vari-
able settings (long service times with infrequent arrivals) the 95% confidence interval
does not exceed 5% of the average DDLT. Thus, for each instance we run the simula-
tion models to obtain the average DDLTs, and then compute the pooling gains for the
average DDLTs by expressions (7) and (8).

4.2 Insights on pooling gains for the due-date performance measures

In Tables 1 and 2, we present the pooling gains for each order type and the global
pooling gain under the SEPT scheduling policy applied in the pooled configuration
for the balanced and unbalanced case, respectively.

Table 1 The pooling gains ε(DDLT j ) for the DDLT of order type j = 1, 2 and global system j = g (in
%) under the balanced case and the SEPT policy

ρ DDSP c = 4 c = 8 c = 12

ε(DDLT j ) ε(DDLT j ) ε(DDLT j )

j = 1 j = 2 j = g j = 1 j = 2 j = g j = 1 j = 2 j = g

0.6 CON 30.58 50.12 40.36 −25.12 53.53 14.25 −82.63 53.60 −15.13

DYN 34.02 54.33 44.15 −2.22 56.92 27.32 −39.03 57.75 9.15

0.7 CON 42.15 47.15 44.62 −4.36 50.66 23.13 −50.72 52.67 1.13

DYN 40.45 51.93 46.17 5.27 56.21 30.63 −29.63 58.04 14.47

0.8 CON 58.20 43.85 51.04 24.66 48.48 36.51 −10.70 49.56 19.23

DYN 51.22 48.48 49.83 21.53 54.10 37.81 −8.39 55.97 23.75

0.9 CON 77.08 42.25 59.34 58.79 45.79 52.45 40.14 45.52 42.79

DYN 68.61 41.83 55.29 48.63 48.58 48.62 29.18 50.89 39.91
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Table 2 The pooling gains ε(DDLT j ) for the DDLT of order type j = 1, 2 and global system j = g (in
%) under the unbalanced case and the SEPT

ρ δ DDSP c = 4 c = 8 c = 12

ε(DDLT j ) ε(DDLT j ) ε(DDLT j )

j = 1 j = 2 j = g j = 1 j = 2 j = g j = 1 j = 2 j = g

0.60 0.67 CON 7.99 64.62 49.54 −69.10 66.34 30.56 −148.00 65.85 8.46

DYN 16.29 64.13 50.16 −33.22 66.59 37.54 −84.93 67.09 22.95

0.60 1.50 CON 52.80 36.36 48.46 16.50 40.67 22.87 −20.75 42.09 −4.13

DYN 51.72 44.94 49.75 27.93 49.59 34.26 4.24 50.85 17.93

0.75 0.67 CON 19.79 78.83 70.42 −47.24 79.37 60.87 −115.15 79.77 51.28

DYN 19.92 76.43 66.18 −32.18 77.59 57.25 −85.14 77.65 47.15

0.75 1.50 CON 79.70 11.74 69.93 64.14 19.73 57.77 48.94 23.03 45.23

DYN 74.25 29.05 66.06 59.97 37.92 55.94 46.63 40.29 45.49

We choose omit the presentation of the results under the other two scheduling
policies and to focus on managerial insights obtained only for the SEPT policy. This is
done because, for the majority of instances, the SEPT policy is superior over the other
two policies in terms of the global pooling gains. For the remaining instances, the
performance advantage of the other two scheduling policies is negligible. Moreover,
the SEPT policy outperforms considerably the other two scheduling policies under the
CON due-date setting policy. The results also reveal that performance improvement
in the global pooling gain brought by the SEPT policy increases compared to the
due-date based scheduling policies as the coefficient of heterogeneity increases. This
improvement can be attributed to the higher priority given to orders with shorter
expected processing times that are the orders most easily hurt by pooling.

4.2.1 Pooled multi-server configurations

For simplicity, we assume that the pooled facility consists of a single server with an
increased capacity; however, a more general case for pooling represents a multi-server
pooled configuration. Thus, before discussing the results obtained, we first investigate
the impact of our modeling assumption on the pooling gains by comparing it with a
pooled facility with multiple servers.

It can be easily shown that the expected sojourn time will be longer in the multiple-
server model than in the single-server model with equivalent capacity. On the other
hand, the expected queueing time will be shorter; this gives an indication that the
sojourn time will not be too different. Here, we develop an additional simulation
model for the pooled two-facility configuration in order to obtain insights into the
average DDLTs in the two pooled configurations. We model the pooled two-facility
configuration as anM/G/2 queueing system with the mean processing time and arrival
rate of order type i , τi and λi , respectively.
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Fig. 2 Pooling gains (in %) for the global average DDLT for the single-server and the two-server config-
urations under the CON-SEPT, the balanced case, and different values of utilization ρ and coefficient of
heterogeneity c

In Fig. 2, we present the results for the pooling gains for the global average DDLT
achieved in the two pooled configurations under the balanced case and the CON-SEPT
policy combination. Weobserve that the poolinggains of the twopooled configurations
are similar, especially under the higher utilization rate. This confirms that ourmodeling
assumption on the pooled single-server facility does not significantly influence our
results. Note that, we observe a higher difference in the pooling gains only under the
very high heterogeneity (c = 12) and low utilization rate (utilization equal to 60%).
However, in both configurations the pooling gains are negative. Moreover, we remark
thatmajority of companies in themanufacturing sector operatewith average utilization
>60%. For instance, the average capacity utilization in the manufacturing sector in
the United States for August 2015 is 75.8% according to the Board of Governors of
the Federal Reserve System (2015).

4.2.2 Pooling in manufacturing versus pooling in services

Here, we contrast the results concerning pooled manufacturing operations with due
dates with results concerning pooled service operations. Thus, to obtain insights for
pooling in services, we compute the pooling gain for the global expected sojourn
time under the balanced case and the FCFS policy which is the policy mostly applied
in services. Note that, to compare the two operations, the dedicated and the pooled
configurations in services are modeled equivalently to those in manufacturing. Thus,
the dedicated configuration in services ismodeled as twoM/M/1 queues and the pooled
configuration as two class M/M/1 queue with a two times faster server. The values of
parameters for the two service configurations are the same as set in Sect. 4.1.1.

The pooling gain in services can be calculated analytically as ε
(
E

[
Sg

]) = 1

2
−

ρ(c − 1)2

8c
. The value is obtained from expression (8), where E

[
Sdg

]
is calculated

based on the expressions forM/M/1 queue [(see expressions (9) and (12)] and E
[
S p
g
]

is calculated as E
[
S p
g
] = E

[
W p

g
] + τ p, where E

[
W p

g
]
and τ p denote the expected

waiting time and the expected processing time in configuration p. We can compute
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E
[
W p

g
]
and τ p by using the following expressions E

[
W p

g
] = 1

2
(1 + v2)

ρ · τ p

1 − ρ

and τ p =
∑n

i λiτ
p
i∑n

i λi
, where v2 = (

∑n
i λi )

∑n
i λi (τ

p
i )2(v2i + 1)

(
∑n

i λiτ
p
i )2

− 1 and v2i = 1

∀i = 1, . . . , n for the exponential processing times. We refer the reader to Dijk and
Sluis (2008), Tekin et al. (2009) for more details about the computations and insights
of pooling gains under the FCFS policy.

Based on our results we make the following observations.

Impact of heterogeneity. The global pooling gains in manufacturing are less sensitive
to changes in the coefficient of heterogeneity c than the global pooling gains obtained
in services (see Fig. 3). Moreover, whenever it is preferable to pool in services, it
is also preferable in manufacturing. The opposite is not the case; for any level of
heterogeneity, the pooling gains are greater in manufacturing.

Impact of the global utilization rate. Pooling brings drastically different gains in the
two environments studied due to the different scheduling policies implemented. On the
one hand, the pooling gains increase with utilization in the context of manufacturing,
while, on the other hand, the pooling gains decrease in the context of service. We note
from Fig. 3 that as utilization decreases the pooling gains are more similar. This is
because as the utilization rate decreases, the pooled configuration faces fewer arrivals;
thus, there are less opportunities to prioritize between orders based on their sizes or
due dates i.e., jobs are more often processed in the order in which they arrive to the
system which reduces the impact of the analyzed scheduling policies.

Finally, we conclude that the positive effect of a due date setting and schedul-
ing mechanism implemented in the manufacturing environment which increases
with utilization will prevail over the negative effect of heterogeneity in a pooling
environment.

Fig. 3 Pooling gains (in %) in manufacturing (ε
(
DDLTg

)
) versus pooling gains in services (ε

(
E

[
Sg

])
)

for the balanced case, different values of utilization ρ and coefficient of heterogeneity c, and the two policy
combinations: a DYN-SEPT and b CON-SEPT
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4.2.3 Impact of the due-date setting and values of the individual performance
measures on the pooling decision

Impact of the due-date setting practice. Our results on the global pooling gains reveal
that companies which operate under the DYN due-date setting policy should pool their
operations. In particular, pooling is advantageous for all instances (see Tables 1, 2). On
the other hand, companies which operate under the constant due-date setting practice
should note that the pooling gains under the CON due-date setting policy are more
sensitive to changes in the coefficient of heterogeneity c than under the DYN policy.

Significance of individual and global performance measures for making the pooling
decisions. Most papers in the extant due-datemanagement literature study only global
due-date performance measures. Our results show that this can lead to considerable
overestimation/underestimation of the performance of individual order types when
making the pooling decision. In particular, the difference in individual pooling gains
can be very large, even-though the global pooling gains are positive (see the pooling
gains obtained for c = 8 on Table 1).

The large-size order always benefits from pooling. The pooling gain is almost constant
and generally more beneficial for the order type with a long processing time and
infrequent arrivals, type 2 (see Fig. 4a), compared to the pooling gain for the order
type with small size and frequent arrivals, type 1 (see Fig. 4b). Heterogeneity and
utilization have a more pronounced impact for the type 1.

In particular, the pooling gains for the DDLT of order type with the small size
(type 1) increase as the coefficient of heterogeneity c decreases and the utilization ρ

increases. If the incoming order of type 1 finds the facility processing a type 2 order,
then its sojourn time will increase with the coefficient c; and, therefore, its DDLT.
The pooling gains for type 1 increase with its traffic load because the efficiency of
the scheduling policy which prioritizes more orders of that type increases with the
utilization rate. This will consequently improve the due date performance of type 1 in
the pooled configuration.

Fig. 4 Pooling gains (in %) for the DDLT of a order type 1 and b order type 2 under the balanced case,
the DYN-SEPT policy combination and different values of utilization ρ and coefficient of heterogeneity c
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For the order typewith the large size (type 2),weobserve the opposite trend although
much weaker when ρ1 ≥ ρ2 i.e. coefficient of asymmetry δ ≥ 1 (see Tables 1 , 2).
For ρ2 > ρ1 i.e. δ < 1 and higher differences in traffic loads (see Table 2) the pooling
gain for type 2 increases in ρ. This is because the facility will face more orders of
that type than of type 1 as ρ increases and δ decreases, meaning that there will be less
possibility to prioritize orders of type 1; thus, orders of type 2 will be less hurt when
pooling.

Moreover, the pooling gains for type 2 slightly increase when heterogeneity
increases. In the pooled configuration, the incoming order of type 2 would wait less
time for its processing than in the dedicated configuration when coefficient of hetero-
geneity c increases. This is because the incoming order can find orders of type 1 with
a much smaller size in the pooled queue. The policy which gives higher priority to
type 1 does not hurt considerably type 2. We later show in the analytical study on the
pooling gains for each order type (see Sect. 5.1) that, for a multi-type system, order
types with a large size always benefit from pooling.

5 Analytical study

In this section, we address two questions that arise when analyzing the pooling gain
on the DDLT performance measures. The first question aims to provide additional
insights about the impact of heterogeneity and the utilization rate on the pooling
gains. In order to answer this question, we will study analytically the pooling gains for
the expected sojourn time when using the SEPT policy.2 The next question deals with
the key assumption we made in our preliminary analysis with regard to the number of
pooled operations and order types. Thus, in Sect. 5.2, we examine the impact of this
assumption.

5.1 Pooling gains for the expected sojourn time under the SEPT policy

Let E
[
Sdi

]
be the expected sojourn time of orders of type i in configuration d with n

order types.We calculate E
[
Sdi

]
based on the formula for anM/M/1 queueing system:

E
[
Sdi

]
= τi

(1 − ρi )
. (9)

For configuration p with the SEPT policy, let E
[
S p
i

]
be the expected sojourn time

of orders of type i in p. In order to calculate E
[
S p
i

]
, we assume the order types

1, 2, . . . , n are sorted in ascending order of their expected processing times so that
τ1 ≤ τ2 . . . ≤ τn . Given that E

[
S p
i

] = E
[
W p

i

] + τ
p
i , where E

[
W p

i

]
and τ

p
i denote

the expectedwaiting time and expected processing time of type i in the configuration p,
respectively, E

[
S p
i

]
can be computed based on the formula for the expected waiting

time (Cox and Smith 1961):

2 Given that theDDLT that can be promised is influenced by an order’s expected sojourn time,we implement
the SEPT policy because itminimizes the expected sojourn time and its computation is analytically tractable.
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E

[
Wi

]
=

[ n∑
j=1

ρ j · E(R j )

]/[(
1 −

i∑
j=1

ρ j

)
·
(
1 −

i−1∑
j=1

ρ j

)]
, (10)

where E(R j ) represents the expected residual processing time of order type j and is
equal to τ j for the exponentially distributed processing times.

Noting that, in configuration p, the traffic load and the mean processing time of
type i are ρi/n and τi/n, respectively, E

[
S p
i

]
is calculated with the following expres-

sion:

E
[
S p
i

] =
∑n

j=1 ρ jτ j(
n − ∑i

j=1 ρ j

)
·
(
n − ∑i−1

j=1 ρ j

) + τi

n
. (11)

The global (total) expected sojourn time for production configuration s ∈ {d, p}
with n order types, E

[
Ssg

]
, is calculated as follows:

E
[
Ssg

]
=

∑n
i=1 λi E

[
Ssi

]
∑n

i=1 λi
. (12)

We obtain the pooling gains for the expected sojourn time of type i and global
expected sojourn time, ε (E [Si ]) and ε

(
E

[
Sg

])
, respectively, by expressions (7)

and (8).
In the following two subsections, we start by computing the pooling gains for the

expected sojourn times under the SEPT policy when the workloads of the different
order types are equal (balanced case) and then, we show how our results generalize to
the case where the workloads are different (unbalanced case).

5.1.1 Balanced case

For the balanced production configuration with n order types, the traffic loads across
order types are equal i.e. ρ = ρi ∀i = 1, . . . , n. Then, based on the Eqs. (9)–(12),
the pooling gain for the global expected sojourn time ε(E

[
Sg

]
) can be expressed in

terms of utilization ρ, n order types, and mean processing time of type i (τi ) by the
following expression:

ε
(
E

[
Sg

]) = 1 − 1 − ρ

n

(
1 + ρ

∑n
i=1 τi∑n

i=1 τi (n − iρ)(n − (i − 1)ρ)

)
. (13)

Pooling outperforms the dedicated configuration when 0 < ε
(
E

[
Sg

]) ≤ 1.
In order to better understand how heterogeneity in processing times/arrival rates

influences the pooling gain represented by Eq. (13), we consider that the coefficient
of heterogeneity c, defined as the ratio of the expected processing times or arrival
rates between successive order types, is constant. In other words, c = τi/τi−1 and
c = λi−1/λi , where c ≥ 1. As a consequence, τi = ci−1 · τ1 and λi = λ1/ci−1.
In this way, lower values of c (i.e. close to 1) reflect the case when order types are
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homogeneous; higher values of c reflect higher heterogeneity between processing
times or arrival rates. This stylized model enables us to summarize a large variety
of instances with only three parameters ρ, c and n. The pooling gain can now be
expressed in terms of these three parameters:

ε
(
E

[
Sg

]) = 1 − 1 − ρ

n

(
1 + ρ · ∑n

i=1 c
i−1∑n

i=1 c
i−1 (n − iρ) (n − (i − 1)ρ)

)
. (14)

Similarly, based on Eqs. (9) and (11) and replacing τi by ci−1 · τ1, we obtain the
pooling gain for the expected sojourn time of order type i , ε(E [Si ]):

ε (E [Si ]) = 1 − 1 − ρ

n

(
1 +

∑n
j=1 c

j−1

ci−1 · nρ

(n − iρ)(n − (i − 1)ρ)

)
. (15)

Our numerical tests obtained by using Eq. (14) indicate that the SEPT policy leads
to a significant improvement in the global expected sojourn time of the pooled system
as the capacity utilization increases. Moreover, as the utilization increases, pooling
becomes advantageous even for very high coefficients of heterogeneity. For instance,
when pooling two order types (n = 2), pooling is advantageous for both order types
when c < 8.33 under the utilization of ρ = 0.6; however, it is advantageous for much
higher values of c (i.e., c < 22.22) under the utilization of ρ = 0.9. This is because the
impact of scheduling on the expected sojourn time under low and medium utilization
is lower than under high utilization. In other words, the queue length is reduced so
the scheduling policy loses its efficiency and it tends to perform like the FCFS policy.
Given that jobs with fast services are mixed with jobs with long services, the expected
waiting time of the fast service class will increase, and thus, its expected sojourn time.
As for our simulation results on pooling gains for the averageDDLTs, we can conclude
that an increase in the performance of the pooled system is driven by the scheduling
policy implemented.

Figure 5 shows the difference between the pooling gains for the expected sojourn
time for the SEPT policy and the average DDLT for the DYN-SEPT policy com-
bination. We observe a remarkable correspondence between the two curves. This is
because when quoting due dates, sojourn times are taken into account. We stress here
that actual values of the performance measures can be significantly different, even-
though the global pooling gains are similar. In particular, the global average DDLT
is greater than the expected sojourn time in order to ensure that 95% of orders are
satisfied within the promised due dates. Finally, we observe that the gap between the
two curves is very small and it decreases when ρ and c decrease.

5.1.2 Unbalanced case

For the unbalanced production configurationwith n order types, the traffic loads across
order types are unequal i.e. ρ1 �= ρ2 �= · · · �= ρn . In order to obtain the insights into the
pooling gains for different levels of heterogeneity in traffic loads, we assume that the
traffic load of order type i can be represented in terms of the traffic load of its preceding
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Fig. 5 Pooling gains (in %) for the global average DDLT (ε
(
DDLTg

)
) under the DYN-SEPT versus

pooling gains for the global expected sojourn time (ε(E
[
Sg

]
)) under the SEPT for the balanced case and

different values of utilization ρ and coefficient of heterogeneity c

type i −1 and coefficient of asymmetry δ > 0, such that ρi = ρi−1/δ. Then, ρi can be
represented in terms of ρ1 i.e. ρi = ρ1/δ

i−1. In other words, by setting δ > 1 the order
types will be ranked in decreasing order of traffic load. Furthermore, when δ > 1 the
highest traffic load corresponds to the type with the shortest processing time (recall
also that τi = ci−1 · τ1).

Then, presenting the workload and the mean processing time of type i , ρi and τi ,
in terms of the coefficients of asymmetry and heterogeneity, δ and c, the pooling gain
for the global expected sojourn time, ε(E

[
Sg

]
), under the unbalanced case can be

calculated by using the expressions (9), (11), and (12). Thus, ε(E
[
Sg

]
) is provided

by the following expression:

ε
(
E

[
Sg

])

= 1 − ρ1
∑n

i=1

( c
δ

)i−1

∑n
i=1

(
δi−1 − ρ1

)−1 ·
n∑

i=1

(cδ)1−i(
n − ρ1

∑i
j=1 δ1− j

)
·
(
n − ρ1

∑i−1
j=1 δ1− j

)

− 1

n
·

∑n
i=1 δ1−i

∑n
i=1

(
δi−1 − ρ1

)−1 . (16)

Similarly, the pooling gain for the expected sojourn time of order type i is given by
Eq. (17).

ε (E [Si ])

= 1 − δi−1 − ρ1

(cδ)i−1 ·
⎛
⎜⎝

ρ1 · ∑n
j=1

(c
δ

) j−1

(
n − ρ1

∑i
j=1 δ1− j

)
·
(
n − ρ1

∑i−1
j=1 δ1− j

) + ci−1

n

⎞
⎟⎠ .

(17)

The pooling gains ε(E
[
Sg

]
) and ε(E [Si ]) depend on c, δ, ρ1 and n.
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Fig. 6 Pooling gains (in %) for the global average DDLT (ε
(
DDLTg

)
) under the DYN-SEPT versus

pooling gains for the global expected sojourn time (ε(E
[
Sg

]
)) under the SEPT for the unbalanced case,

and different values of coefficients of asymmetry δ and heterogeneity c

In Figure 6, once again, we contrast our simulation results for the global pooling
gains for the average DDLT with the analytical results for the expected sojourn time.
There is, however, a small increase in the gap between the two curves when asymmetry
in workloads increase, we observe a similar correspondence between the two pooling
gains as in Fig. 5.

Finally, we conclude that even-though it is a very difficult task to obtain the pooling
gains in terms of the due-date performance measures; there exists a simple analytical
treatment which can be used as a good indicator of these gains.

5.2 Impact of increasing the product variety on the pooling gain

Given that we could observe the high degree of similarity between the pooling gains
for the expected sojourn time and the DDLT, we will base our further analysis on
the expected sojourn time which is analytically tractable for the pooled single-facility
configuration.

We define the ratio k as the ratio between the longest and the shortest expected
processing times, k = τn/τ1 > 1. In order to study how increasing product variety
influences the pooling gain for the expected sojourn time, we represent coefficient of
heterogeneity c in terms of the ratio k and the number of order types n, i.e., c = n−1

√
k.

In this way, we can compare the pooling gains if we increase the number of order types
between the slowest and the fastest order types. In a similar way, let us define ratio b
which represent the ratio between the workloads of the type with the shortest and the
longest expected processing times, i.e., b = ρ1/ρn . Then, the coefficient of asymmetry
δ can be represented in terms of the ratio b and n, i.e., δ = (n−1)

√
b. Then, to study the

pooling gains for different values of b and n under the same global utilization ρ =∑n
i=1 ρi/n, ρ1 can be replaced by

∑n
i=1 ρi b/

∑n
i=1 b

i−1
n−1 in Eq. (16). The additional

constraint for the stability is
∑n

i=1 ρi < min
{∑n−1

i−1 b
i−1
n−1 /b,

∑n−1
i−1 b

i−1
n−1

}
.

In Fig. 7a, b, we illustrate the global gains when pooling different number of order
types (n) for different levels of heterogeneity (k) and asymmetry (b), respectively. The
two-order type system gives consistently the smallest improvement on the expected
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Fig. 7 Pooling gain (in %) for the global expected sojourn time when ρ = 0.6 for a the balanced case
(when n and k vary and δ = 1) and b the unbalanced case (when n and b vary and k = 2)

sojourn time when pooling. Another observation is that the sensitivity to the hetero-
geneity of the orders is alsomaximized in the two-order type case.Hence, the two-order
type model is a lower bound on the benefit of pooling; everything else being equal,
economies of scale will always increase with the number of different order types that
are pooled. By adding an order type which expected processing time is between the
two extreme values (minimumandmaximumexpected processing times), the expected
sojourn time will increase in the dedicated configuration and decrease in the pooled
configuration (a proof is presented in “Appendix”). Thus, the global pooling gain
increases in n.

It is noteworthy that Fig. 7b is almost symmetric in terms of the global pooling gain,
i.e., the pooling gains when ρ2 = δρ1 and ρ1 = δρ2 are similar. A similar tendency is
observed when the average DDLT is considered (see Table 2) where the difference in
pooling gains when ρ2 = δρ1 and ρ1 = δρ2 decreases as c decreases. This is because
the dedicated configuration has the shortest expected sojourn time when the traffic
loads are balanced, while the pooled configuration is less sensitive to unequal traffic
loads. We performed additional simulation runs (unreported in this study) that show
an increase in pooling gains with the number of different order types in the case of the
pooled configuration which contains one parallel machine per order type.

6 Conclusions and implications for future research

Reaping economies of scale is a tempting idea for companies in their continuous
struggle to increase their competitiveness. Pooling operations with uncertain demand
can be an important source of economies of scale. Indeed, in addition to the direct
scale effect that usually brings cost savings, the pooling of demand uncertainty has
been widely shown to bring important economies of scale in terms of waiting time and
inventory. Nevertheless, the lean management philosophy warns us that any increase
in variability should be restrained. For firms pondering over the possibility of pooling
resources (internally or externally) of heterogeneous product lines, it is thus necessary
to get a deeper understanding about the interplay between economies of scale and
variability.
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In the article, we shed a new light on this dilemma by taking into account the fact
that in practice most firms operate with due dates. For the global planning of a supply
chain, reliable due dates are imperative. The goal is then to keep those due dates as
short as possible in order to increase the attractiveness of the firm. The good news
is that we could show how the additional flexibility provided by the due-date setting
and scheduling mechanism can be used to overcome the variability introduced by the
heterogeneity of the pooled products. This is not as obvious as might seem because,
to the best of our knowledge, the literature so far studied pooling queues in service
sectors, and consequently reached very different conclusions.

We showed that heterogeneity does not have a significant negative impact on the
due-date performance if the system is adequately managed. The conclusion is even
stronger when the utilization is high—the case where pooling should be particularly
attractive—this means the economies of scale will, in general, largely dominate the
heterogeneity impact. These insights represent a complete reversal from the conclusion
reached so far for FCFSqueues, that is, in the presence of heterogeneity, pooling should
not be pursued especially when the utilization is high.

Another conclusion is that in terms of workload, heterogeneity brings benefits.
Indeed, pooling products with different workloads will in general bring benefits that
increase with the workload imbalance between the products. Finally, one might say
that when pooling manufacturing operations with due dates, opposites should attract
each other.

Finally,we discuss ourmain assumptions, limitations, and scope for future research.
In our work, we considered a simple situation with fully pooled resources as we

focused on the effect of heterogeneity and product variety. Although, we modelled
a pooled system as an n-times faster single-server queue, we also showed that our
managerial insights can be generalized for a multi-server pooled configuration. An
interesting research avenue may be to consider different flexibility configurations
(see e.g. Jordan and Graves 1995; Gurumurth and Benjaafar 2004; Bassamboo et al.
2010a, b). However, scheduling rules for such configurations are much more com-
plex. The question is to find the extent to which it is still possible to overcome the
heterogeneity hurdle when operations are partially flexible.

We focused on pooling manufacturing system with two product types. The two
product type system seems to be the most relevant case from a practical point of view
because the coordination cost for pooling will increase very quickly with the number
of product types. We showed analytically that any other multiple product-type pooled
system will achieve larger benefits of pooling.

We considered the most prevalent processing time distribution in stochastic
scheduling research, the exponential distribution, as it generates useful insights (see
“Appendix”, Baker and Trietsch 2009). Increasing the variability of individual facil-
ities measured by the coefficient of variation of processing times, pooling gains will
increase as already studied in the literature on queueing theory (see e.g., Hopp and
Spearman 2008) . We also performed additional tests assuming a log-normal distrib-
ution, one of the most prevalent distributions in practice. In the tests, we considered
two product types with identical coefficients of variation. Coefficients of variations are
determined in such a way to explore low, medium, and high variability in processing
times. Our results, although, not presented in the paper, revealed that the difference
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in pooling gains between different levels of variability decreases with the average
utilization.

We did not incorporate switchover times in our study in order to focus specifically
on the effect of due dates. If a switchover is incurred between orders of the two firms
this will of course reduce the pooling gain. On the other hand if the families of products
needing a switchover span across the firms, it is not clear how our conclusion would
be affected.

The main goal of the paper was to investigate pooling gains for quoted due dates
under various operating conditions. In our study the manufacturer is setting the
due-dates, this is the likely situation when orders are frequent. Although in such
environments it is possible that the due date of an order is negotiated with the buyer,
this is rather exceptional and should not affect the overall performance level. For some
products due date negotiation for each order is the norm, it would be interesting to
study further benefits of pooling in such environments. The adaptation of the mod-
els proposed in Altendorfer (2015) or Ivanescu et al. (2002), Ivănescu et al. (2006),
Chevalier et al. (2015) would constitute an interesting research avenue.
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Appendix

For the comparison of the production configurations with different number of order
types, we add an additional superscript n to the appropriate notation. In order to

show that ε(E
[
Sng

]
) ≤ ε(E

[
Sn+1
g

]
), it is sufficient that E

[
Sd,n
g

]
≤ E

[
Sd,n+1
g

]
and

E
[
S p,n
g

] ≥ E
[
S p,n+1
g

]
.

The inequality E
[
Sd,n
g

]
≤ E

[
Sd,n+1
g

]
can be written as follows:

n

n + 1
≤

∑n
i=1 k

i−1
n−1

∑n+1
i=1 k

i−1
n

. (18)

The right side of inequality (18) is an increasing function of k and it achieves the

minimum (i.e.
n

n + 1
) when k = 1. Then, the inequality is satisfied for any value of

k ≥ 1.
Based on Eqs. (11) and (12), the global expected sojourn time for system p with n

order types can be expressed as:
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E
[
S p,n
g

] = ρτ1k
n∑

i=1

[
k

i−1
n−1 (n − iρ)(n − (i − 1)ρ)

]−1 + τ1k

[
n∑

i=1

k
i−1
n−1

]−1

. (19)

Equation (19) shows that increasing the number of order types between the order
types with the minimum and maximum expected processing times will decrease the
variance of the processing times of the pooled facility and will consequently lead to a
decrease in the global expected sojourn time. Therefore, E

[
S p,n
g

]
is decreasing in n.
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