
This article was downloaded by: [University of Rochester]
On: 03 February 2012, At: 06:20
Publisher: Taylor & Francis
Informa Ltd Registered in England and Wales Registered Number: 1072954 Registered office: Mortimer House,
37-41 Mortimer Street, London W1T 3JH, UK

IIE Transactions
Publication details, including instructions for authors and subscription information:
http://www.tandfonline.com/loi/uiie20

Can flexibility be constraining?
Edieal Pinker a , Hsiao-Hui Lee a & Oded Berman b
a Simon School of Business, University of Rochester, Rochester, NY, 14627, USA
b Rotman School of Management, University of Toronto, Toronto, ON, Canada, M5S 3E6

Available online: 20 Nov 2009

To cite this article: Edieal Pinker, Hsiao-Hui Lee & Oded Berman (2009): Can flexibility be constraining?, IIE Transactions,
42:1, 45-59

To link to this article:  http://dx.doi.org/10.1080/07408170903113789

PLEASE SCROLL DOWN FOR ARTICLE

Full terms and conditions of use: http://www.tandfonline.com/page/terms-and-conditions

This article may be used for research, teaching, and private study purposes. Any substantial or systematic
reproduction, redistribution, reselling, loan, sub-licensing, systematic supply, or distribution in any form to
anyone is expressly forbidden.

The publisher does not give any warranty express or implied or make any representation that the contents
will be complete or accurate or up to date. The accuracy of any instructions, formulae, and drug doses should
be independently verified with primary sources. The publisher shall not be liable for any loss, actions, claims,
proceedings, demand, or costs or damages whatsoever or howsoever caused arising directly or indirectly in
connection with or arising out of the use of this material.

http://www.tandfonline.com/loi/uiie20
http://dx.doi.org/10.1080/07408170903113789
http://www.tandfonline.com/page/terms-and-conditions


IIE Transactions (2010) 42, 45–59
Copyright C© “IIE”
ISSN: 0740-817X print / 1545-8830 online
DOI: 10.1080/07408170903113789

Can flexibility be constraining?

EDIEAL PINKER1,∗, HSIAO-HUI LEE1 and ODED BERMAN2

1Simon School of Business, University of Rochester, Rochester, NY 14627, USA
E-mail: pinker@simon.rochester.edu
2Rotman School of Management, University of Toronto, Toronto, ON, Canada, M5S 3E6
E-mail: berman@rotman.utoronto.ca

Received August 2008 and accepted May 2009

Five common options for workforce flexibility and their robustness under uncertain demand are investigated. In the first stage, a
firm makes optimal staffing decisions according to estimated demand and a given workforce flexibility policy. In the second stage, it
reallocates its workforce to react to demand shocks. Numerical results are presented that show that flexibility can lead a firm to staff
with too little slack to be flexible to demand shocks, thus leading to higher total costs, i.e., staffing and inventory costs. The forms
of flexibility that give robust benefits are identified and an analysis on how different forms of flexibility interact with each other is
performed.
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supplemental resource: Appendix with additional tables of results.]

Keywords: Flexibility, workforce management, optimization, scheduling, cross-training

1. Introduction

There is a large literature on flexibility in production pro-
cesses and in particular workforce flexibility. Upton (1995)
defines flexibility as “the ability to change or react with lit-
tle penalty in, time, effort, cost or performance.” Another
way to define flexibility is as the absence of constraints. As
such flexibility allows managers to better match the supply
of resources to the demand when there is variability in the
timing, content and quantity of work. For this reason flex-
ibility is generally viewed as a positive characteristic of a
process or workforce. It is also generally accepted that flex-
ible resources come at a cost. For example, cross-trained
workers require more training, workers who have flexible
hours require higher pay and often labor flexibility needs
to be negotiated with labor unions. Given the potential
costs of greater flexibility, researchers have been interested
in quantifying the benefits of flexibility and determining
the forms of flexibility that give the greatest benefits. In this
paper we will address these issues in the context of labor
flexibility. Unfortunately, much of the literature on work-
force flexibility has taken a narrow perspective on the sub-
ject thus leading to an incomplete and sometimes distorted
view of flexibility. We consider a high-volume factory that
could be a manufacturing facility or a “service factory” that
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processes mail, checks, insurance claims, online product or-
ders etc. The key operational feature of our environment is
that finished products cannot be inventoried. While a com-
mon feature of services, it also applies to make-to-order
production systems.

As described in Abernathy et al. (1973), workforce plan-
ning typically involves three hierarchical phases: planning,
scheduling and allocating. Goodale and Thompson (2004)
have a slightly different formulation: forecasting demand,
determining requirements, scheduling employees and real-
time adjustment. Given a demand forecast the approaches
are essentially the same. The planning phase determines
the capacity limits of the production process. Scheduling
determines when workers should be available and must ac-
count for working hour constraints. While the schedule
determines the set of workers available at any point in time,
the allocation phase determines what they do. The alloca-
tion can be reactive to changes in demand which is one
way that cross-training or skill flexibility can be valuable.
Much of the recent literature on cross-training has focussed
on the allocation phase and ignored its connection to the
scheduling and planning phases.

We find that if one takes the full spectrum of workforce
flexibility into account, meaning working time flexibility
in addition to cross-training, and consider all the planning
phases, some dangers of flexibility are revealed. Scheduling
and allocation are typically constrained because workers
expect regular hours with shifts of fixed lengths, or at least
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46 Pinker et al.

minimum lengths, and have specific skills and capabilities.
As a result their schedules and allocations do not always
exactly match up to the workflow leading to slack labor ca-
pacity. Some kinds of flexibility eliminate constraints and
allow a better match. Therefore, some types of flexibility
can allow a firm to achieve the same productivity with
fewer labor resources, thus reducing costs. This is an exam-
ple of taking advantage of scheduling flexibility to reduce
capacity in the planning phase. However, a byproduct is
that the process has less slack capacity and thus less flex-
ibility to deal with demand fluctuations. In this paper we
show that some forms of flexibility can actually make the
system less flexible in other dimensions.

We consider a high-volume production system defined
by a network of workstations. Work arrives throughout the
day according to some hourly pattern. Different types of
work take different paths through the network. The avail-
able labor pool is made up of workers with differing skills
at each workstation. Given a forecast of demand, a man-
ager must decide how many of each worker type to hire
and how to schedule them. Given the pool of workers
hired, we assume the manager can reschedule and reallocate
them to adapt to changes in demand patterns. We model
the following forms of flexibility: cross-training, intra-shift
job switching, part-time workers, start time flexibility and
work-in-process buffers. The ability to reschedule and real-
locate the workers within the constraints of the above forms
of flexibility is in and of itself a form of flexibility. However,
the setting we have in mind is one in which the demand pat-
tern changes are not occurring on a daily basis but rather
last for at least weeks so that schedules are predictable to
workers. Given this setting we think it is appropriate to ig-
nore overtime which typically is not repeated day after day
(see Easton and Rossin (1997) and references therein for ex-
amples of research on overtime). One form of flexibility we
do not consider has to do with day of the week scheduling.
When there is variability in work load across days of the
week it can be challenging to create work schedules across
days. Worker flexibility regarding days off is of relevance
here. While well studied in the literature (see for example
Loucks and Jacobs (1991)) it is beyond the scope of this
paper.

In Section 2 we review the related literature. In Section
3, we summarize the model of Berman et al. (1997) which
we use as a basis for our analysis within a two-stage opti-
mization framework. In Section 4, we report on extensive
numerical experiments we conducted with the model and
our findings regarding the importance and impact of the
various forms of flexibility. We conclude in Section 5.

2. Literature review

Production system flexibility has been widely studied, see
reviews in De Toni and Tonchia (1998), Beach et al. (2000)
and Vokurka and O’Leary-Kelly (2000). However, the def-

inition and classification schemes of flexibility are quite
varied. Browne et al. (1984) categorize eight dimensions of
flexibility: machine, product, process, operation, routing,
volume, expansion and production. Sethi and Sethi (1990)
add three more dimensions: material handling, program
and market. Vokurka and O’Leary-Kelly (2000) expand
the area of flexibility even further by including four more
dimensions: automation, new design, delivery and labor.
Many of these forms of flexibility involve technology or pro-
cess design. In this paper we focus on workforce flexibility.

Workforce flexibility has been studied from two perspec-
tives. One perspective is staff scheduling while the other is
as a response to stochasticity in demand. The scheduling
literature has primarily focused on the computational chal-
lenges of determining optimal schedules in a deterministic
setting. Ernst et al. (2004) give a comprehensive review of
more than 700 papers in the area of personnel scheduling
and rostering. Increased flexibility typically increases the
complexity of the deterministic optimization because the
additional options lead to greater numbers of variables.
Jordan and Graves (1995) spurred much interest in evalu-
ating how much flexibility is needed in stochastic environ-
ments to get the majority of the benefits. Their finding that
relatively sparse and simple “skill chaining” can achieve
most of the benefits of cross-training in some environments
has led to a stream of related work. This paper straddles
these two streams of research.

Berman et al. (1997) formulate a linear programming
model for jointly optimizing the workforce shift schedule
and workflow in a high-volume factory with an exogenous
deterministic demand and large workforce. Worker flexi-
bility is displayed in terms of the number of available shift
starting times, the option of part-time shifts, mid-shift job
switching by cross-trained workers and the degree to which
Work In Progress (WIP) can be buffered. Computational
experiments show the way buffers and labor flexibility act
as substitutes. It also shows how the benefits of different
forms of flexibility depend upon the work arrival pattern.
The model in that paper is also the core model in our paper,
and is summarized in detail in Section 3. Our goal in this
paper is more comprehensive in that we embed their model
within the framework of a two-stage staffing problem with
uncertain demand in the second stage. In Berman et al.
(1997) flexibility is utilized to best match labor to a known
work arrival pattern. In the current paper we attempt to
identify the forms of flexibility that will enable a manager
to best adapt to unexpected changes in the work arrival
pattern.

Bard (2004) looks at a similar setting with a determinis-
tic integer programming model and solution methodology
that does days off and break scheduling. He takes a simi-
lar approach focusing on a particular form of hierarchical
cross-training called downgrading, in which higher-skilled
workers can do lower-skilled jobs as needed. Campbell
(1999) and Brusco (2008) consider cross-training in the
allocation problem after demand has been realized for a
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Can flexibility be constraining? 47

work shift. As such they assume a fixed number of work-
ers, and do not model shift schedules. They also restrict
themselves to a work environment with independent de-
partments and not the workflow between them. Both pa-
pers ignore other forms of flexibility than cross-training.
Brusco and Johns (1998) consider the planning phase when
analyzing alternative cross-training policies. They similarly
omit workflow dependencies and other forms of flexibility.

Graves and Tomlin (2003) analyze the benefits from pro-
cess flexibility in multistage supply chain setting, where
“multistage” means that more than one station in the pro-
cess is considered. A two-stage sequential decision process
is considered: decide flexibility configurations of the pro-
cess first and then allocate production capacity to meet
demand. In the first stage, demand is a random vector with
a known distribution, and the flexibility configuration is de-
termined by minimizing the expected total shortfall, which
is defined as the amount of demands that cannot be met.
In the second stage, the system allocates its capacity given
the flexibility configuration solved in the first stage and the
realized demand. Hopp et al. (2004) model a serial pro-
duction line and test various cross-training configurations
for a set of dynamic allocation policies for cross-trained
workers. They ask the following questions: “how to decide
which skill(s) are strategically more desirable for workers
to gain”, and “how to coordinate these workers to respond
dynamically to congestion?”. Their goal is to minimize the
WIP-to-throughput ratio for serial production lines. Iravani
et al. (2005) define measures called the structural flexibility
indices to characterize in a very general way the flexibil-
ity provided by a particular cross-training arrangement.
In their setting capacity is assumed to have been set to
be sufficient “on average.” Flexibility enables the system to
respond to various stochastic demand shocks. Through nu-
merical experiments, on both parallel and serial production
lines, they are able to show that characteristics of the worker
skill matrix can give good indications of “a system’s ability,
provided by its structure of multi-capability sources to real-
locate production to respond to change in demand.” All of
these papers have focussed exclusively on cross-training as
the source of flexibility and on the worker allocation phase.
While they have attempted to draw conclusions about the
best skill mix they have assumed capacity is given and have
ignored scheduling and other forms of worker flexibility.

In this paper, we attempt to bring together some of the
various threads in the recent literature on workforce flexi-
bility in a more holistic manner. Our goal is to illustrate the
linkages between the capacity setting phase and the alloca-
tion phase in terms of determining the benefits of flexibility.
We use the model of Berman et al. (1997) to determine the
number of workers of each type (labor capacity) and their
schedules to minimize the cost of processing an estimated
workload and arrival pattern. We view this first stage op-
timization as “short-term.” Given the pool of workers de-
termined in the first step we then reoptimize the schedule
and allocation of workers to best process a perturbed work

arrival pattern that recurs over time. We define this second
stage optimization as “long-term.”

3. Model description

As discussed above we analyze a two-stage staffing process.
In the first stage the manager uses an estimate of demand
and chooses the staff to minimize the sum of staffing and
WIP costs. This is done using the model of Berman et al.
(1997). In the recurring second stage the same model is used
with slight modification to reallocate the existing workers
to minimize the WIP costs. The first stage is solved inde-
pendently of the second stage as opposed to solving the
first stage to minimize costs over all expected second-stage
realizations. Our motivation for that is that we are trying to
evaluate flexibility as a response to shocks that are by def-
inition unpredictable. Managers often operate in this way.
They lack distributional data on potential demand shocks
and therefore plan based on a forecast and then rely on
flexibility to enable them to adjust.

3.1. Summary of Berman et al. (1997)

Here we summarize the model formulated in Berman et al.
(1997). Consider a high-volume factory containing n work-
stations. The factory is characterized by the workstation
routing rules, which is represented by the routing probabil-
ity pi j , the fraction of jobs routed from station i to j for
i, j = 1, . . . , n and the flexibility policy which includes the
number of starting times (set H), the part-time allowance
ratio (α), the job switch ratio (σ ), the skill levels (βkj ) and the
buffer size (γ j t). These parameters and others are defined
in Table 1 and are discussed later. Decision variables are
Xk( j1, j2)hτ , the number of type k workers working the first
half of the shift at station j1 and the second half at station j2
for a shift length h that starts at time period τ . Constraints
include the workflow conservation equations (Equations
(1), (2) and (3)), the productivity equations (Equations (4),
(5a) and (5b)), the buffer constraints (Equation (6)), the
part-time ratio constraint (Equation (7)) and the job switch
ratio constraint (Equation (8)).

Let the deterministic demand b jt be the number of jobs
that arrive exogenously to station j in the beginning of time
t. Denote Ijt as the new jobs at station j at the start of
period t, and Oi (t−1) as the output at station i at the end of
period t − 1. Then, the workflow conservation for arrivals
states that the number of new jobs at station j is equal to
the exogenous input and the jobs routed to station j from
other stations:

Ijt =
⎧⎨
⎩

b jt + ∑
i �= j pi j Oi (t−1), t = 2, 3, . . . T,

b j1 + ∑
i �= j pi j Oi T, t = 1.

(1)

Note that in this model time is cyclical so that what is left-
over in the system at the end of period T is carried over into
period 1. This means that we are conducting an equilibrium

D
ow

nl
oa

de
d 

by
 [

U
ni

ve
rs

ity
 o

f 
R

oc
he

st
er

] 
at

 0
6:

20
 0

3 
Fe

br
ua

ry
 2

01
2 



48 Pinker et al.

Table 1. Table of notations

Symbol Variable

Xk( j1, j2)hτ number of type k workers working the first half of the shift at j1 and the second half at j2 for shift length h that starts at
time period τ

Ck( j1, j2)hτ cost of type k workers working the first half of the shift at j1 and the second half at j2 for shift length h that starts at
time period τ

n total number of workstations in the factory
Ijt total quantity of new work presented to station j at the start of period t
Rjt total work remaining at station j at the end of period t
Yjt units of work in the buffer at station j at the start of period t
Ojt output of station j during period t
Wjt maximum number of jobs that can be processed by personnel assigned to station j during period t
T total number of equal length time periods during a working day
b jt the number of units of work that arrive exogenously to station j and is presented there at the beginning of time period

t, t = 1, 2, . . . , T
pi j fraction of jobs processed at station i that are routed next to station j , j = 1, . . . , n
H the set of all allowed shift lengths
ST the set of all allowed starting times for shifts
βkj units of work that worker type k can process per time period at station j
( j1, j2) a pair of station j1 and j2, representing a worker’s workstation assignments for the first and second halves of his/her

shift, respectively
Ak the set of all ( j1, j2) that are feasible for worker type k at station j1 and the second half at j2 for a shift length h that

starts at time period τ

k 1, . . . , K , ( j1, j2) ∈ Ak, h ∈ H, τ ∈ ST
γ j t capacity of buffer j during period t, measured in units of work
α the maximum fraction of workers that can be part-time allowance ratio
σ the maximum fraction of workers that can switch tasks mid-shift

analysis. The departure flow has to be conservative as well,
i.e., the remaining number of jobs equals the sum of reworks
and unprocessed jobs. Denote Rj (t−1) as the residual works
remaining at station j from period t − 1. The departure
flow conservation becomes:

Rj (t−1) = p j j Oj (t−1) + [Yj (t−1) − Oj (t−1)], (2)

where Yjt is the number of jobs in the buffer at station j
at the start of period t. Finally, the conservation of buffers
results in

Yjt = Ijt + Rj (t−1), (3)

where the right-hand side is the sum of the new jobs ar-
riving at period t and residual jobs from period t − 1. The
workflow at a single workstation is depicted in Fig. 1.

The productivity constraints consider both the labor ca-
pacity and the loading. Denote the maximum number of
jobs that can be processed by the personnel assigned to sta-
tion j during time t as the Wjt, i.e., labor capacity, which
is the product sum of all scheduled workers and the corre-
sponding individual capacity. It can be expressed as

Wjt =
∑
k∈Mj

∑
h∈H

{ ∑
τ∈Fth

βkj Xk( j, j )hτ +
∑

n2∈Wk

∑
τ∈Gth

βkj Xk( j,n2)hτ

+
∑

n1∈Wk

∑
τ∈Qth

βkj Xk(n1, j )hτ

}
, (4)

where Mj is the set of qualified worker types for station j ,
Wk is the set of stations for which worker type k is qualified,

Fig. 1. Schematic of workflow at a single workstation.
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Can flexibility be constraining? 49

Fth is the set of starting times such that a shift of length h
includes period t, Gth is the set of starting times such that
the first half of shift length h includes period t and Qth is
the set of starting times such that the second half of shift
length h includes period t. Lunch breaks are modeled as
non-work periods that occur at the approximate mid-point
of a shift. They are implemented via the sets Fth , Gth and
Qth . The actual productivity of station j at time t is not
Wjt but Ojt, which satisfies:

Ojt ≤ Yjt (5a)

and

Ojt ≤ Wjt, (5b)

where Equation (5a) states that the output cannot exceed
the number of jobs that are required to be processed at
station j at time period t, and Equation (5b) means that
the output cannot exceed the capacity at station j at time
period t.

Labor capacity is the sum of scheduled workers multi-
plied by the worker capacity over all starting times. Having
a higher number of starting times allows the system to
take advantage of the overlapped workforce, e.g., a worker
starting at 8 am overlaps a worker starting at 12 pm given
that both work an 8-hour shift. When the load peak in this
station is between 12 pm and 4 pm it is more efficiently
covered than if the shifts only started at 8 am and 4 pm.
Having cross-trained workers expands the scheduling pool
and so the system is less constrained and the optimization
potentially returns a better result.

For the rest of flexibility options, three more constraints
(for buffer size, part-time ability and job switch ability) are
considered:

Yjt ≤ γ j t, (6)

(1 − α)
K∑

k=1

∑
( j1, j2)∈Ak

∑
h∈H,h≥8

∑
τ∈ST

Xk( j1, j2)hτ

− α

K∑
k=1

∑
( j1, j2)∈Ak

∑
h∈H,h<8

∑
τ∈ST

Xk( j1, j2)hτ ≥ 0, (7)

and

(1 − σ )
K∑

k=1

∑
( j1, j2)∈Ak, j1 �= j2

∑
h∈H

∑
τ∈ST

Xk( j1, j2)hτ

− σ

K∑
k=1

∑
( j, j )∈Ak

∑
h∈H

∑
τ∈ST

Xk( j, j )hτ ≤ 0, (8)

where part-time workers work less than 8 hours and Ak
is the set of all ( j1, j2) that are feasible for worker k, γ j t
is the capacity of buffers at station j during period t, α is
the minimal percentage of full-time workers and σ is the
maximal fraction of job switched workers.

3.2. First stage: staffing

Denote the estimate of the demand arrival pattern as b1
j t,

the number of jobs that arrive exogenously to station j
in the beginning of period t. The decision variables are
Xk( j1, j2)hτ , with corresponding unit staffing cost Ck( j1 j2)hτ .
The WIP at each station j at the end of period t is given by
Rjt. We define c to be the unit cost per period of WIP. There-
fore, by combining the staffing cost

∑
All Xk( j1, j2)hτ Ck( j1, j2)hτ

and the WIP cost
∑

j
∑

t cRjt, we obtain the objective in
the first stage:

min
∑
All

Xk( j1, j2)hτ Ck( j1, j2)hτ +
∑

j

∑
t

cRjt. (9)

Therefore, for a given flexibility policy we apply the con-
straints in Section 3.1 to this objective function and obtain
the worker requirement in the first-stage, where the work
requirement includes not only a schedule for the first-stage
demand but also the total amount of workers that remains
unchanged in the second stage.

3.3. Second stage: rescheduling

In the second stage, the firm observes a demand shock that
perturbs the demand pattern. Let b2

j t be the new demand
pattern. Because recruiting and training new workers is
time-consuming, the firm must attempt to satisfy demand
with the existing workforce and can only rearrange the
schedule and allocation of workers to tasks. As a result
in the second stage we view labor costs as fixed and the
firm minimizes WIP. To maintain feasibility total demand
is kept the same as in the Stage 1 problem and the buffer
constraints are relaxed. We define similar decision variables
as in Stage 1, X̃k( j1, j2)hτ , the number of type k workers work-
ing the first half of the shift at station j1 and the second
half at j2 for a shift length h that starts at time period τ ,
and the corresponding remaining jobs in station j in the
end of period t is R̃jt. The objective is

min
∑

j

∑
t

c R̃jt. (10)

The constraints in this stage include the workflow con-
servation equations, the productivity equations, the work
balance equations including reworks, the part-time ratio
constraint (which is automatically satisfied), the job switch
ratio constraints and the workforce balance equations. In
order to capture the fact that the workforce is unchanged
from Stage 1 we introduce Equation (11) which sets the
number of workers for each type equal to the same number
as in the first stage:∑

( j1, j2)∈Ak,

∑
h∈H

∑
τ∈ST

X̃k( j1, j2)hτ

=
∑

( j1, j2)∈Ak,

∑
h∈H

∑
τ∈ST

Xk( j1, j2)hτ for all k = 1, . . . , K .

(11)
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50 Pinker et al.

Table 2. Objective and constraints in both stages

Staffing Rescheduling

Minimizing staffing Minimizing
Objective cost and WIP cost WIP cost

Workflow
conservation

Yes (Equations
(1)–(5b))

Yes (Equations
(1)–(5b))

Buffer size Yes (Equation (6)) No
Part-time ratio Yes (Equation (7)) Yes (Equation (7))
Job switch ratio Yes (Equation (8)) Yes (Equation (8))
Number of workers No Yes (Equation (11))

The objectives and constraints in both stages are summa-
rized in Table 2.

The optimal solution in the second stage shows the best
the system can react to the demand pattern change (or
demand shock). By comparing the optimal results across
all the flexibility policies, we are able to see which flexibil-
ity combinations hurt the system’s ability to react to such
shocks. In the next section we conduct extensive numerical
experiments, to evaluate different flexibility policies in this
way. It is important to note that we have made assump-
tions about the type of demand variability and its timing
relative to the managerial staffing responses. Namely we
are assuming that the demand pattern is known enough
in advance that workers can be rescheduled. One can en-
vision a scenario in which the Stage 1 shift schedule was
fixed and after the demand pattern was observed the only
recourse for the manager was to reassign workers to tasks
during their scheduled work time. In such a scenario cross-
training and job switching would have greater significance.
Later we discuss what our results suggest would happen in
such a situation.

4. Computational examples and results

In practice the staffing decision variables X and X̃ in both
the first and second-stage problems must take integer values
because workers must be scheduled in whole quantities. As
such the problems should be solved as Mixed-Integer Pro-
grams (MIPs). Our goal here is to investigate the benefits of
flexibility and not to develop a new scheduling algorithm.
For large facilities, i.e., those with many workers, the dif-
ference between the integer and continuous solutions will
be relatively small. That said, one of the points we are try-
ing to make in this paper is that slack capacity can make
it easier for firms to adjust to changes in the work arrival
pattern. Integer staffing provides some slack. To confirm
that this effect is not significant for large facilities we solve
the Stage 1 and Stage 2 problems for integer values in our
experiments. To reduce the computational burden of our
experiments we use a heuristic solution methodology rather

than solving the MIP to optimality. We solve the line pro-
gramming relaxation and then use rounding to convert it
to a feasible integer solution in the staffing variables. We
find that across all the experiments the average deviation
of the heuristic integer objective value from the continuous
solution is less than 1% while the maximal deviations is
4%. These statistics indicate that we can be confident that
the behaviors we observe in the following results will also
be observed if the problems were solved using more exact
methods.

4.1. Numerical scenarios

For the purposes of our numerical experiments we analyze
three different work configurations: a network similar to the
example in Berman et al. (1997), a parallel system similar
to that analyzed in Jordan and Graves (1995) and a serial
system similar to that studied in Iravani et al. (2005). We
assume that we are modeling a day of operations broken
into 48 half-hour periods. The demand estimate for the
Stage 1 problem is a uniform arrival of 200 units of work
per period. To simplify the analysis we assume that all
workers regardless of their skill mix or work hours are paid
at the same rate of $15/hour and if they are qualified to
work at a work station their productivity is 10 units per
hour.

We study the following set of flexibility types:

(a) number of starting times (three, four, six or eight);
(b) part-time allowed (Yes or No);
(c) mid-shift jobs switching allowed (Yes or No);
(d) cross-training level (“None”, “Pair” or “All”);
(e) buffer size at each station (200 or 400).

Overall, we have 4 × 2 × 2 × 3 × 2 = 96 flexibility poli-
cies. For the number of starting times, we evenly distribute
the starting times over the 48 periods with the first one be-
ing one. For example, the starting times for eight starting
times are ST = 1, 7, 13, 19, 25, 31, 37 and 43. A full time
shift is 8.5 hours, which includes a half-hour break, and two
types of part-time shifts are considered: 6.5 and 4.5 hours.
When part-time workers are allowed, we limit the percent-
age of part-time workers to be no higher than 20% of overall
workers. Similarly, if job switching is allowed, we apply a
limit of 30% on the percentage of workers who switch their
jobs in the middle of the shifts. One may question the limits
on the percentages of part-time workers and/or mid-shift
job switching. However, in practice we often see the limits,
and hence it is more realistic to apply these limits. We note
again that we assume the productivity and the labor cost to
be the same for each type of worker. This is not a restric-
tion of the model but rather a way to reduce the number
of cases considered in this analysis. Including a pay differ-
ence between more and less cross-trained workers does not
qualitatively alter the results. We also analyze three differ-
ent cases for the WIP cost: $0.5, $1.0 or $2.0 per unit per
time period.
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Fig. 2. Six-station process with network configuration.

The network configuration has six stations and is shown
in Fig. 2. Icons A to F represent the six stations, the directed
arcs represent the workflow, and the values above the arcs
are the percentages of jobs directing to the next stations.
Note that there is a 5% rework rate in stations B, C, D
and E. We assume that jobs only enter the system from
station A and leave the system from station F. Workers can
be classified in the three training levels: “None”, “Pair” or
“All,” which are summarized in Table 3.

The serial configuration is similar to the example in Ira-
vani et al. (2005). We consider four stations, where all jobs
have to be handled by all four stations in the same order
(Fig. 3). The jobs only enter the system from station A
and exit the system from station D. Consider three training
levels: “None”, “Chained pairs” and “All.” The first one
means that there are four worker types and each type can
only work at one station. Chained pairs (shown in Fig. 3)
is similar to the definition in Jordan and Graves (1995, p.
580), in which “A ‘chain’ is a group of products and plants
which are all connected, directly or indirectly, by product
assignment decisions. In terms of graph theory, a chain is
a connected graph. Within a chain, a path can be traced
from any product or plant to any other product or plant
via the product assignment links.” Finally, “All” means that
all workers are capable of performing the tasks at all four
stations.

The third, parallel configuration is similar to the one in
Jordan and Graves (1995), in which six parallel factories are
considered (Fig. 4). We apply the same exogenous inputs

Table 3. Skill mapping for different cross-training levels in the
network configuration

Cross-training levels

Worker type None Pair All

1 A A, D A, B, C, D, E, F
2 B D, E N/A
3 C E, F N/A
4 D A, B N/A
5 E B, C N/A
6 F C, F N/A

to all six factories. Three training levels are considered:
“None,” “Chained pairs” (Fig. 4) and “All,” where workers
are capable of performing tasks at all six stations.

4.2. First stage: staffing

Given a flexibility policy out of the 96 policies defined in
Section 4.1, a staffing schedule for each station can be cal-
culated based on the model in Section 3.2, and the objective
gives the total operating cost for this flexibility policy. In
order to simplify the presentation, we combine the part-
time and the job switching policies into one index, and
assign another index to the number of starting times (Table
4). Next, by summing these two numbers, we obtained an
overall index for a flexibility policy that consists of the
part-time ability, the job switch ability and the number of
starting times. For example, for a flexibility policy in which
four starting times are considered (40), and part-time is
allowed but mid-shift job switching is not allowed (6), the
corresponding index is 40 + 6 = 46.

4.3. Second stage: rescheduling

After a pool of workers is hired, trained and scheduled
based on the first-stage demand, we proceed to the second-
stage rescheduling. In the second stage, the original uniform
demand arrival pattern is perturbed in three different ways.
For two types of perturbation we change the arrival pattern
into a peak shape which varies in time, tp, or in peak mag-
nitude, H. The third type of demand shock involves adding
random noise to the original uniform pattern.

The first type of demand shock captures the variation
when the true demand is unimodal (as opposed to uniform)

Fig. 3. Serial configuration showing paired chain cross-training.
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Fig. 4. Parallel configuration showing paired chain cross-training.

with a peak of 500 units of work, while the total number
of jobs remains the same. Twenty scenarios are generated
with the peak position ranging from tp = 14 to tp = 33,
where each scenario has the same shape as the one shown
in Fig. 5(a). In other words, the total number of arrivals
and the maximum number of arrivals in any one period are
the same across the 20 scenarios. Given the original staffing
level for each flexibility policy, we can reschedule the staff
in order to minimize the WIP.

The second demand shock type represents the situation
where the peak is located at tp = 25 but varies in magnitude.
We randomly generate scenarios such that in each scenario,
the peak locates at tp = 25 with the total number of jobs
being 9600 jobs, but the maximum number of arrivals is
drawn from a normal distribution with a mean of 450 jobs
and a standard deviation of 100 jobs.

The third demand shock type assumes that the first-stage
demand estimate is relatively accurate but is not completely
deterministic. For this type of demand shock, 20 scenarios
are also considered where noise is randomly added to the
first-stage (base) demand but the total amount of jobs is
kept the same. In each scenario, we first generate 24 noise
values from a normal distribution with a mean of zero
and a standard deviation of 50. Second, we randomly pair
the 48 time periods into 24 pairs, e.g., ti and tj , for i, j ∈

Table 4. Indices for flexibility scenarios

Part-time
Mid-shift

job switching Index
Number of

starting times Index

No No 2 3 30
No Yes 4 4 40
Yes No 6 6 50
Yes Yes 8 8 60

{1, 2, . . . , 48}. By adding a noise value to the demand at ti
and subtracting the same noise to the demand at tj for all 24
noises, we complete the process of generating the demand
with noise and maintain the total number of jobs the same.

Examples of the three demand shocks are given in Fig. 5.
Figure 5(a) represents the demand with the peak at tp = 25,
Fig. 5(b) shows the demand where the maximum number
of arrivals changes from 200 to 305 and Fig. 5(c) represents
the first stage demand with noise. For each type of demand
shocks we calculate the mean and 90th-percentile of the
sum of the staffing and the WIP costs (denoted as the total
Stage 2 cost) across 20 scenarios for each flexibility policy.

4.4. Flexibility effects

In this subsection we explore flexibility effects for both the
first-stage and second-stage problems. We find that the re-
sults are similar across the configurations, demand shocks
and unit WIP costs. Therefore, we only show a represen-
tative set of results for the network configuration under
demand shock tp. We report more results in the online Ap-
pendix.

4.4.1. First stage
In Fig. 6 we plot the total Stage 1 cost for the network con-
figuration. In Figs. 7(a) and 7(b) we respectively separate
out the staffing and WIP costs. The solid (dashed) lines
are the costs when the buffer size is 200 (400). The three
cross-training levels are represented by three markers: di-
amond for “None,” star for “All” and triangle for “Pair.”
The index on the horizontal axis can be mapped into the
flexibility policy that includes the number of starting times,

0

100
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300

400

500

600

0 8 16 24

(a) (b) (c)

32 40 48
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0 8 16 24 32 40 48
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Stage 1

0
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0 8 16 24 32 40 48
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Fig. 5. Second-stage demand arrival pattern for: (a) shock tp; (b) shock H; and (c) shock N.
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Fig. 6. Total Stage 1 cost for network configuration (WIP cost of $0.5/unit/time).

the part-time ability and the mid-shift job switching ability
(Table 4). For example, the three coinciding circled points,
in Fig. 6, are the total Stage 1 costs for the flexibility policy
with buffer size of 200 (solid line), four starting times and
part-time workers (index 46) and cross-training levels of
“None” (diamond marker), “All” (star marker) and “Pair”
(triangle marker).

First, we observe that there is essentially no benefit from
cross-training evidenced in the results because the work
arrival profile is deterministic and uniform. Cross-training
and job switching are advantageous when the workload at
different stations is out of phase, meaning that one station
has a heavy workload when the other has a light load. In
such a case, a job switching cross-trained worker can spend
part of his/her shift at one station and then move where the
work is at the other station. In our Stage 1 problem demand
arrivals are uniform so the stations are not out of phase and

there is little benefit from job switching. Also, note that in
the Stage 1 problem, cross-training in and of itself, with no
job switching ability, will not have any value. In the Stage
2 problem the various demand shocks create opportunities
to take advantage of both cross-training and job switching.
In fact, when we study the Stage 2 problem we find that
cross-training on its own can have benefits without any job
switching.

Second, we also find that buffers are a powerful tool in
lowering total Stage 1 costs. The costs are reduced because
buffering allows the manager to accumulate work in time
so that worker shifts can be closely matched to the time at
which work is done. By comparing the results of a buffer
size of 200 (solid lines) and the one of 400 (dashed lines), we
see that doubling the buffer size lowers the total Stage 1 cost
significantly (Fig. 6). Figure 7(a) shows that this reduction
is coming from the savings on staffing, especially when the
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120000

140000

160000

180000

30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64 66 68 70

Flexibility policy index
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Pair (buffer=200)
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Fig. 7. (a) Staffing cost and (b) WIP cost for the network configuration in the first stage (WIP cost of $0.5/unit/time).
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54 Pinker et al.

starting times are restricted (30s and 40s). WIP costs may
actually increase somewhat due to buffering (Fig. 7(b)).

Third, flexibility in the number of shift start times can
also reduce cost significantly. By comparing the 30s and 50s
or 40s and 60s (Fig. 6 and Fig. 7(a)), whether the factory has
a tight buffer size or not, doubling the number of starting
times significantly decreases the staffing cost and the total
Stage 1 cost. The change in the total staffing cost from
doubling the number of starting times is almost the same
as the change of doubling the buffer size (the difference
between the solid and dashed lines in 30s). More start times
is another mechanism for matching labor to work in time.

Finally, allowing part-time workers lowers the staffing
cost significantly, when a tight buffer size and a small num-
ber of starting times are considered. For example, in Fig. 6
when the buffer size is 200 (solid lines) the total Stage 1 cost
of 36 (part-time allowed) is significantly lower than the one
of 32 (part-time is not allowed). However, if the buffer size
is doubled (see the pair (32, 36) on the dashed line), in-
cluding this flexibility type does not lower the staffing cost
significantly. Similarly, if the number of starting times is
relaxed (compare the pairs (32, 36) and (52, 56) or (42,
46) and (62, 66)), the part-time ability also does not af-
fect the staffing cost significantly. Understandably, hiring
a part-time worker can avoid the excess capacity or cost
incurred by a full-time worker when the number of start-
ing times is small and buffer size is tight. For this type of
process, in which the demand has to be fulfilled quickly
but the starting time set is small, part-time workers allow
the firm to handle the demand peak without paying full-
time hours. However, when buffer constraints are relaxed,
jobs can wait until the next available worker and hence the
benefit of having part-time workers is greatly reduced.

Thus far, we discussed the benefits from all five flexibility
types when there is no demand fluctuation. In the next
section, we show that flexibility can lead a firm to staff with

too little slack to be flexible to demand shocks, thus leading
to a higher total cost, i.e., the sum of the staffing and WIP
costs.

4.4.2. Second stage
In Fig. 8, we plot the mean of the total Stage 2 cost across
20 demand scenarios for the network configuration under
shock tp, when the unit WIP cost is $0.5/unit/time and
buffer size is 200 units (400 units). We confirm the finding
in previous papers that a small degree of cross-training can
extract almost all the benefits of cross-training if the skills
are “chained.” Jordan and Graves (1995) introduced the
concept of pairwise skill chaining for a parallel system. In
the context of a network, a skill chain is less well defined.
Nonetheless, the pairwise cross-training configuration we
implement is very effective. For example, Figure 8 shows
results for the network configuration. From the figure, we
see that the training level “Pair” (triangle marker) performs
almost the same as the training level “All” (star marker).
Therefore, in the following we only look at full cross-
training or no cross-training cases in our comparisons.

A more flexible system does not necessarily outperform
a less flexible one in terms of total Stage 2 costs in the long
run. For example, in Fig. 8(b), with eight starting times, the
system with both job switching and part-time (68) has a
higher total cost than the system without job switching (66).
Figure 9 separates the total cost into the staffing (Fig. 9(a))
and WIP costs (Fig. 9(b)). In Fig. 9(a), the staffing cost for
68 is the lower than the staffing cost for 66, but it has a
higher mean WIP cost when demand fluctuation is consid-
ered. As a result, when the factory is more flexible, it tends
to staff with too little slack and hence it cannot effectively
respond to demand shocks. On the other hand, for those
systems that are less flexible, the staffing level is higher, and
thus they have potential to perform better in terms of the
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Fig. 8. Total Stage 2 cost for the network configuration under shock tp with unit WIP cost of $0.5/unit/time: (a) buffer size = 200;
and (b) buffer size = 400.
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Fig. 9. (a) Staffing cost for the network configuration under shock tp with a buffer size of 400 units and a unit WIP cost of
$0.5/unit/time; and (b) WIP cost for the network configuration under shock tp with a buffer size of 400 units and a unit WIP cost of
$0.5/unit/time.

total Stage 2 cost. In other words, the apparent immedi-
ate benefits from flexibility (a reduction in staffing cost)
may lead to a higher total cost as the work demand profile
evolves over time.

4.4.3. Flexibility effectiveness
In the previous section we have shown differences between
the short-term and long-term effects of various types of
flexibility. In this section we try to quantify the long-term
effectiveness of each type of flexibility. To do this we borrow
from the methodologies of Design of Experiments (DOE)
analysis (Montgomery, 2004). The three main components
in a DOE analysis are the response (output), the factors
(inputs) and the levels (values of factors). We change the
value of a factor in order to observe the effects (responses)
due to the factor’s change. For our purposes the response
is the mean total Stage 2 costs across the demand realiza-
tions. The factors are the flexibility types. The levels are the
amount of each type of flexibility employed. In order to
have binary levels for each flexibility type we bifurcate the
start times into three versus six and four versus eight start
times1.

For each configuration and demand perturbation type
we calculate (E+ − E−)/2 for each factor and E+ is the
average of the responses across scenarios when the factor
level is high and E− is the average of the responses when
the factor level is low. Thus, the effectiveness of a flexibility
type is defined as the mean improvement in the total Stage
2 cost when the flexibility is included.

1Depending on the demand pattern, having four starting times
is not necessarily more effective than having three starting times
whereas doubling the number of start times with a similar distri-
bution within the day is increasing flexibility.

As an example suppose that our goal is to observe
the effect of doubling the number of starting times from
three to six for the network configuration under shock tp,
when the buffer size is tight. First, we calculate the aver-
age of the total Stage 2 costs when the number of start-
ing times is three (E−) and the average when the number
of starting times is six (E+). Note that when the number
of starting times is three (or six), we have 2 × 2 × 2 = 8
policies, in which the 2s stand for the cross-training level
(“None” or “All”), job switching ability (allowed or not)
and part-time ability (allowed or not). Then, the effect of
doubling the number of starting times from three to six is
(E+ − E−)/2.

First we conduct four distinct DOE analyses identified by
whether the start time levels are three versus six or four ver-
sus eight and whether the buffer size is B = 200 or B = 400.
For these four DOE analyses, four factors are considered
in each set of experiments: training level (TL), number of
starting times (ST), part-time (PT) and job switching (JS).
For the training level factor, we set the factor to high if the
training level is “All,” and low if it is “None.” For the num-
ber of starting times, we set (3, 6) or (4, 8) as the low and the
high levels. Similarly, we set set the part-time factor as high
if we allow part-time work and low otherwise. Because job
switching influences the results only when the cross-training
level is “All,” we consider only the cross-effect of training
level and job switching in the DOE analyses instead of the
main effect of job switching.2 Therefore, the job switching

2Although other cross-effects, such as the number of starting
times and the part-time ability, may affect the system, we only
focus on which flexibility type is more effective instead of which
“combination” of flexibility types is more effective. Thus, we dis-
card all other cross-effects.
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56 Pinker et al.

Table 5. The main and cross-effects of the network configuration under shock tp

ST(3, 6) ST(4, 8)

Unit WIP cost 0.5 1.0 2.0 Unit WIP cost 0.5 1.0 2.0

B = 200 TL −2619 −4478 −8500 B = 200 TL −1250 −1575 −2644
ST −11 818 −11 628 −10 913 ST −28 952 −28 594 −29 056
PT −7496 −6521 −6725 PT −10 233 −10 000 −9888
JS −2039 −3118 −5692 JS −1143 −1175 −1846

B = 400 TL −1388 −3081 −6127 B = 400 TL −985 −2081 −1498
ST −4371 −7269 −12579 ST −4238 −7046 −9001
PT −372 −2006 −2654 PT −822 −669 −929
JS −935 −2413 −3789 JS −264 −859 −416

Overall B effect −4170 2283 12 217 Overall B effect −15 771 −13 051 −11 285

factor is low if job switching is not allowed or if the training
level is “None,” and high if both job switching is allowed
and the training level is “All.” Given the above definitions
each calculation of the effect (E+ − E−)/2 is performed
over 16 flexibility policies.

Finally, we calculate the overall buffer size effect by per-
forming an additional set of DOE analysis for (3, 6) and
(4, 8) around the factor B, which is named as “overall B ef-
fect” in the results (see Table 5 for examples). For this DOE
analysis, we include all 64 flexibility policies. When we cal-
culate the negative effect (E−), we average 32 policies with
B = 200, and when we calculate the positive effect (E+),
we average another 32 policies with B = 400. The overall
B effect is half of the difference between the positive and
negative effects, i.e., (E+ − E−)/2.

4.4.3.1. DOE analysis results. Table 5 is a typical table from
the analysis for the network configuration and tp type de-
mand shock. As discussed in the previous section, we only
compare the effects of TL, ST, PT and JS. Because we
are minimizing cost a more negative number is considered
more cost-effective.

The number of starting times reduces the total Stage 2
cost the most, regardless of the buffer size (B = 200 or
400). This conclusion is valid across all cases for the net-
work (for example, see Table 5) and serial configurations.
Some counter examples exist in the parallel configuration,
in which jobs are processed in one station instead of se-
quential stations. This special structure greatly reduces the
benefit of a large number of starting times.

Second, the ST effect increases with the unit WIP cost
when B = 400, e.g., the effect of moving from three to six
start times, increases in magnitude from −4371 to −7269
to −12579 in Table 5. When the unit WIP cost is high, the
factory staffs more than when the unit WIP cost is low.
Combining this excess workforce and a large number of
starting times, the factory can reallocate workforce more
efficiently to the stations where needed. As a result, the ST
effect is more significant (saves more on the total Stage 2
cost) for the factory with a high unit WIP cost than for the
factory with a low one. However, when buffers are small,

the staffing decision is more likely to be restricted by buffer
constraints, and hence this increasing ST effect disappears.
Furthermore, when the unit WIP cost is low, the ST effect
is greatly reduced when B is relaxed (for example, from
−28 952 to −4238 in (4, 8) in Table 5). When jobs can be
carried over to the next period, the factory accumulates
jobs and matches labor to work in time. Therefore, a high
number of starting times does not lower total costs as much
as the situation in which jobs cannot be carried over.

Finally, the overall buffer size effect decreases with re-
spect to the unit WIP cost. This confirms that relaxing
buffer size is appropriate when the unit WIP cost is low.
However, it may lead to a high total Stage 2 cost when the
unit WIP cost is high (from −4170 to +12 217 in (3, 6) in
Table 5).

4.4.4. Flexibility robustness
In the previous section, we investigated the aggregated ef-
fect of each factor and saw the effectiveness of each factor.
In this section, we discuss the robustness of each factor by
checking for consistent reduction in the total Stage 2 costs
when a factor’s level is changed from low to high. For ex-
ample, if the goal is to investigate the robustness of allowing
job switching for the network configuration when B = 200
and unit WIP cost of $0.5 we change the job switching abil-
ity from No to Yes (the other factors remain unchanged),
and then compare the total Stage 2 costs (before and after
change). If the expected cost decreases for a high propor-
tion of cases we view it as a robust cost saving mechanism.
We perform this same comparison for 2 (training level) ×
2 (part-time) × 4 (number of starting times) = 16 policies
and three shocks (48 cases in total), and calculate the per-
centage of cases with cost decreases (out of 48) generating
a robustness score. For example, the robustness score in
this case is 94%, which means that 94% of times includ-
ing job switching improves the system performance (lower
total Stage 2 costs). See the online Appendix for more de-
tailed results of the robustness tests. For the purposes of
our discussion we use 90% as a threshold for categorizing

D
ow

nl
oa

de
d 

by
 [

U
ni

ve
rs

ity
 o

f 
R

oc
he

st
er

] 
at

 0
6:

20
 0

3 
Fe

br
ua

ry
 2

01
2 



Can flexibility be constraining? 57

overall %
unit WIP cost 0.5 1.0 2.0 0.5 1.0 2.0

% robustness for 
Network configuration 94% 98% 98% 77% 71% 75% 85%
% robustness for Serial 

configuration 100% 96% 96% 75% 71% 69% 84%
% robustness for Parallel 

configuration 100% 94% 94% 88% 81% 88% 91%

overall %
unit WIP cost 0.5 1.0 2.0 0.5 1.0 2.0

% robustness for 
Network configuration 88% 88% 88% 94% 90% 88% 89%
% robustness for Serial 

configuration 96% 96% 96% 94% 94% 81% 93%
% robustness for Parallel 

configuration 100% 100% 92% 96% 81% 83% 92%

overall %
unit WIP cost 0.5 1.0 2.0 0.5 1.0 2.0

% robustness for 
Network configuration 100% 100% 100% 100% 98% 100% 100%
% robustness for Serial 

configuration 100% 100% 100% 96% 98% 100% 99%
% robustness for Parallel 

configuration 71% 83% 83% 92% 90% 92% 85%

overall %
unit WIP cost 0.5 1.0 2.0 0.5 1.0 2.0

% robustness for 
Network configuration 100% 100% 96% 100% 100% 100% 99%
% robustness for Serial 

configuration 100% 100% 100% 100% 98% 98% 99%
% robustness for Parallel 

configuration 100% 100% 100% 98% 100% 92% 98%

B=200 B=400
(a) Robustness test of allowing jobswitching

(b) Robustness test of allowing part-time workers

B=200 B=400

B=200 B=400

(d) Robustness test of doubling the number of starting times

B=200 B=400
(c) Robustness test of having crosstraining (change from "None" to "All")

Fig. 10. (a) Robustness test of allowing job switching; (b) robustness test of allowing part-time workers; (c) robustness test of having
cross-training (change from “None” to “All”); and (d) robustness test of doubling the number of starting times (three to six or four
to eight).

a form of flexibility as robust3. In Fig. 10, the shadowed
cells are the cases where the designated form of flexibility
percentage is not robust; namely, less than 90% of the 48
combinations of policies and shocks lead to cost savings.

We find that job switching (Fig. 10(a)) and part-time
(Fig. 10(b)) flexibility are not particularly robust. When the
buffer is small (B = 200), job switching is robust (though
less so for the parallel configuration), while if B = 400, job
switching is not robust. Part-time work is not very robust
regardless of the buffer size.

Cross-training is a robust flexibility type, except when
the parallel configuration is considered and when B = 200
(the staffing is more constrained by buffer size). When we
change the cross-training level from “None” to “All,” al-
most all the comparisons of the total Stage 2 costs indicate
that having a higher cross-training level reduces the total
Stage 2 costs (Fig. 10(c)). When B = 400 cross-training

3We acknowledge this threshold is somewhat arbitrary but it
forms a natural break for our results.

is not always beneficial. The cases in which cross-training
makes cost increase have one point in common: job switch-
ing is allowed in the first stage. Since the system is flexible
enough (due to the relaxed buffer size), applying both cross-
training and job switching makes the system rely too much
on flexibility. However, if we exclude the job switching abil-
ity in the first stage, cross-training benefits in the second are
very robust. We note that the system can improve the per-
formance even more by excluding the job switching ability
in the first stage but implementing it in the second stage.

The number of starting times is the one that is both effec-
tive (Table 5) and robust (Fig. 10(d)). Figure 10(d) shows
that the number of starting times has highest overall robust-
ness scores for the three system configurations (Fig. 10(d):
99, 99 and 98%). Moreover, most cases in which increasing
the number of starting times is not effective allow part-time
workers. When part-time work is allowed, the system with a
smaller number of starting times has to staff more than the
one with a larger number of starting times. The difference
in staffing level leads to a higher total cost for the system
with a larger number of starting times because less workers
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67%51%57%92%
% robustness for

Parallel configuration

78%58%77%100%
% robustness for Serial

configuration

76%59%73%96%
% robustness for

Network configuration

overall %0.50.250.1unit WIP=

Robustness test of doubling the buffer size

67%51%57%92%
% robustness for

Parallel configuration

78%58%77%100%
% robustness for Serial

configuration

76%59%73%96%
% robustness for

Network configuration

overall %0.50.250.1unit WIP=

Robustness test of doubling the buffer size

Fig. 11. Robustness test of doubling the buffer size (from B = 200
to B = 400).

are available to handle demand shocks. This verifies again
that a more flexible system does not necessarily have a lower
total Stage 2 cost when demand fluctuation is considered.

Finally, doubling the buffer size is not robust. When the
unit WIP cost is high, having a loose buffer size leads to
less staff in the first stage. When demand shocks occur,
the factory fulfills demand by delaying jobs causing a high
WIP cost and hence a high total cost (see Fig. 11). When
the unit WIP cost is low, doubling the buffer size is robust,
but robustness decreases significantly when the unit WIP
cost increases. Overall, buffer size, job switching and part-
time flexibility are not robust, but cross-training without
job switching and high number of starting times without
part-time are robust combinations.

5. Conclusions

By using a two-stage model to consider demand pattern
changes, this paper investigates the distinction between the
short-term and the long-term benefits from workforce flex-
ibility, which includes number of starting times, part-time
ability, job switching ability, cross-training level and buffer
size. We also analyze the interaction between these differ-
ent forms of flexibility showing their dependencies. We con-
firm what previous studies have shown about cross-training,
namely that a small amount of flexibility can achieve most
if not all the benefits. However, more importantly we have
shown that workforce flexibility is far richer than that when
one considers the impact of flexibility on staff sizing deci-
sions and multiple forms of flexibility simultaneously.

While cross-training was found to be generally robust
we also found that its robustness was diminished when
combined with job switching. We also found that its benefits
were not as strong as other forms of flexibility such as
starting time flexibility. Increased buffer sizes, which give
flexibility on the timing of processing, were effective when
WIP penalties were low and could make other forms of
flexibility insignificant for controlling staff costs. On the
other hand for larger WIP penalties buffer flexibility was
unreliable.

Our results suggest a set of general rules for workforce
planning. Work to create acceptance of starting time flexi-
bility in the workforce and then set staff size in the planning

phase assuming that buffers are small. Take advantage of
buffers when actually scheduling workers after demand has
been realized. If start time flexibility is not feasible then use
part-time work but not both. Finally, if part-time work is
not possible use cross-training but set staffing levels assum-
ing job switching is not allowed.

It could be argued that rescheduling workers to different
start times is not always possible. Our results suggest what
would occur in such a case. Start time flexibility would no
longer be effective because it would only apply in the first
stage. In fact it would worsen performance because using
it in Stage 1 would reduce the workers available in Stage
2 without any benefit of increased Stage 2 flexibility. The
manager would be left less able to adjust to demand shocks.
This would be similar to staffing in Stage 1 with large buffers
and then operating in Stage 2 with small buffers. For this
reason we did not consider this to be an interesting case to
analyze in this paper.

It is important to note that in our study the uncertainty
in demand was temporal. We did not consider uncertainty
in the mix of work. As a result cross-training came out as
the weakest form of flexibility relative to the others that are
themselves working time related. If the timing of work was
less uncertain than the actual content, the relative effective-
ness and robustness of each form of flexibility studied here
would most likely be different. The modeling and analysis
framework we have presented here could be easily applied
to studying work mix uncertainty and that is our intention
for future research.
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