—_—
G,
—

o
24
5 &
=

Qo
o c
=

©
2

=
@0
23
= 2p
O =
o <

P
© ©
nQ
2
b
¥
O ®©
2
g
3s
S
._QQ.
= C
@ 9
S 3
o2
2 E
© O
o2
o¢
T ©
T 0

1]
k=

o
Lc
- O
==
OO
= £
E -

c
[e]
8 e
S =
o O
<E
‘n_
=2
e o

=
Q35
Z-c
=<

Mw MANUFACTURING & SERVICE
8. OPERATIONS MANAGEMENT
Vol. 10, No. 3, Summer 2008, pp. 421-428

1SN 1523-4614 | E1ssN 1526-5498 | 08 | 1003 | 0421

1lorms}

p0110.1287 /msom.1070.0173
©2008 INFORMS

A Simple Statfing Method for Multiskill Call Centers

Auke Pot, Sandjai Bhulai, Ger Koole

Department of Mathematics, Vrije Universiteit, 1081HV Amsterdam, The Netherlands
{sapot@few.vu.nl, sbhulai@few.vu.nl, koole@few.vu.nl}

We study a simple method for staffing in multiskill call centers. The method has short computation times
and determines nearly optimal staffing levels. It is in both views competitive to other methods from
the literature. Because of the fast and accurate performance of the method, many different scenarios can be
analyzed, and our method can be used for both tactical and strategic capacity management decisions.
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1. Introduction

A substantial number of contact centers can be classi-
fied as inbound; i.e., jobs are initiated by customers.
A property of this type of contact centers is that jobs
arrive randomly over time and, as a consequence, the
work load is hard to predict; additional complexity
is added by external factors such as, for instance, the
weather. Because of these complexities, the allocation
of labor resources over time is a hard yet important
problem.

It is important because an inadequately managed
work force can lead to low service levels, e.g., long
waiting times, if there are not enough employees
available. This can be avoided by scheduling a suf-
ficiently large number of employees. However, it is
undesired to schedule too many employees because,
besides service levels, contact centers also have to
meet economical objectives, in particular, minimizing
costs because of employee salaries. Minimizing the
number of employees is an important subject because
labor is expensive; about 80% of operating costs in
call centers are because of personnel (see Gans et al.
2003). Therefore the cost reductions obtained with
good staffing algorithms can be substantial.

Note that optimal labor allocation in single-skill
call centers is already a complex issue because it
should be studied by integrating shift scheduling as
well. This, however, results in intractable models, and
therefore we study the staffing problem seperately
from the shift scheduling problem. In practice, obtain-
ing good rosters requires several iterations between

staffing and scheduling. In these cases, it is impor-
tant to have a staffing method with short computation
times.

1.1. Contribution

In this paper, we deal with the staffing problem of the
labor allocation process. Our main contribution is that
we develop a staffing method to determine sched-
ules in multiskill call centers such that a rough match
between the predicted work load and labor capacity is
realized, taking the randomness of the arrival process
into account.

The staffing method has several appealing proper-
ties that make it competitive in comparison to other
methods in the literature: It is easy to implement, has
short computation times, and yields nearly optimal
staffing levels. Because of the fast and accurate per-
formance of the method, many different scenarios can
be analyzed as well as tactical or strategic decisions.

1.2. Literature

The number of closely related papers is moder-
ate. These papers are briefly discussed in the next
paragraphs.

Koole et al. (2003) present a heuristic to optimize
the division of agents among different groups. The
method in this paper is an extension of that heuristic
because we additionally take the costs of agents and
a service-level condition into account.

Chevalier and Van den Schrieck (2005) consider
overflow routing in multiskill blocking systems with
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randomization parameters. Examples with four dif-
ferent skills are provided, and an agent group is
included for each possible set of skills. They describe
a method to optimize the staffing levels and random-
ization parameters by using the branch-and-bound
algorithm (see Land and Doig 1960).

Cezik and L’Ecuyer (2006) describe a staffing
method in the context of multiskill call centers. The
method reduces the solution space by means of gener-
ating cuts (see Gomory 1958). The computation time
of this algorithm is relatively long because each cut
requires the multiskill call center to be simulated mul-
tiple times and very accurately. Hence, they are not
able to solve the shift scheduling problem but are only
able to determine the staffing levels that are constant
over the day.

1.3. Outline

This paper is organized as follows. Section 2 defines
the problem and introduces the notation that will be
used throughout the paper. The main contribution
of the paper is in §3: presenting an efficient method
for staffing in a multiskill environment while meet-
ing a service-level constraint. The performance of the
staffing method is evaluated numerically in §4 and
compared to the method of Cezik and L'Ecuyer (2006).
We show that the method is fast and yields nearly
optimal results. Finally, a summary of the results is
given in §5, which also discusses directions for future
research. For additional numerical examples, see the
online appendix.’

2. Problem Formulation

Consider a call center that handles calls that require
a skill from the set . :={1,2,..., M}. Calls of type
me Ml arrive according to a Poisson process with
rate A,,. Every agent in the call center belongs to an
agent group from the set € ={1, 2, ..., G}. The service
rates are skill- and group-dependent, denoted by rate
Mo, o for skill m e Ml and group g € . We assume that
a control policy 7 is given that defines the call selec-
tion and agent selection rule. Call assignment occurs
according to the agent selection rule. If a call is not

! The online supplement to this paper is available on the Manufac-
turing & Service Operations Management website (http://msom.pubs.
informs.org/ecompanion.html).

assigned to an agent group, it is queued, after which
it is served according to the call selection rule.

We define the service level as the percentage of
arrivals that waits less than the acceptable waiting
time (AWT) in the queue. This service level is denoted
by SL7(s) when control policy 7 is used, where s is a
vector of length G denoting the staffing levels of the
different groups. The minimal requirement is denoted
by a. In practice, call centers often take a =80% and
an AWT of 20 seconds. The objective is to calculate
the number of agents s that is required to meet the
service-level constraint.

Note that the service-level constraints are only
included to a limited extent. Service levels cannot be
specified per job type. In our opinion, this is not a
severe restriction. Schedules are most often generated
at least a few weeks ahead of time based on predic-
tions. Call centers often have to reschedule during the
day when the real work load deviates from the pre-
dictions. Thus, service levels often can be and need to
be controlled during operations. In addition, service
levels can also be controlled by means of optimizing
the routing policies.

The staffing costs are denoted by K(s) and are deter-
mined by calculating the expected costs of schedul-
ing s, agents in group ¢. Mathematically,

K(s):=>_ K3(sy),
g€%
where K£(s,) are the costs of scheduling s, agents. The
objective function is given by

£(s) = —K(s).

The objective of finding optimal staffing levels can be
translated into the following optimization problem:
max £(s)
(Pl) seZ3

s.t. SL7(s) > a,

with Z, the set of nonnegative integers.

3. Staffing Algorithm

In this section, we present an efficient method to
determine the staffing levels for each agent group,
based on Problem (P1). However, Problem (P1) is
intractable because the number of different agent con-
figurations s is huge and, hence, suffers from the curse
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of dimensionality. Experiments show that there exists
no simple ordering of states such that simplification
by local search would be possible. For this reason, we
reformulate Problem (P1) as

max( max f(s))

neZy \sez§: se=n

s.t. SL7(s) > a.

Our solution approach is to solve the Lagrangean
dual of this integer problem. Note that we are solv-
ing a discrete optimization problem so that there can
be a duality gap. Moreover, the service level is only
concave in the number of agents if the system is sta-
ble, assuming no abandonments occur (see Jagers and
Van Doorn 1991). Therefore we should ignore staffing
vectors that yield unstable systems. However, in case
of abandonments, a problem could arise because the
service level is not a concave function anymore. To
this end, we formulate the algorithm in such a way
that we only require weaker monotonicity properties.

For the formulation of the Lagrangean dual, we
define

f(B,s):=B(SL"(s) —a) — K(s) 1)
and

fO(B):= max f(B,s).
Then, Problem (P1) becomes

{maxf(”),

n>L"

f(n) = minBeR f(n) (B),
and L" denotes the smallest number of agents such
that the service-level constraint can be satisfied. The
variable B is the Lagrange multiplier of the service-
level constraint, denoting the sensitivity of K(s) for

changes in a. Finally, in the remainder of this section,
we need to define SL™ ™ (B):

where
P2)

SL™ 7 (B) := SL” (arg max f (8, s)).

G. co
seZy: se=n

We now present a simple heuristic for solving Prob-
lem (P2), and explain the heuristic in detail afterwards.

STAFFING HEURISTIC ()
1. Initialization: f <0, f <~ M, n; <0, n,; <M,
B. <0, and B,; <M
2. For all n (golden ratio search):

3. Init: f(B) < Mand B < B+ (By — BL)/z
4. While B, — B, > € (bisection)
5. Initialization: f™(B) «— 0 and s* < 0 and
declare SL™ ™(B)
6. For all s: se =n (local search)
7. Calculate SL7(s) and f(B, s)
8. It £(8,5) > f(B)
9. st <s, f*(B) < f(B,s), and
SL™ 7(B) «— SL™(s)
10. End if
11. Next
12. If F™(B) < f
13. s «s* and f « f(B)
14. End if
15. If SL™ ™(B) < a, then B, < B, else B, < B
End if
16. B<B.+Bu—B)/z
17. Next

18.  If f®>f, then f < f™ and s** <—s* End if

19.  Update n;, ny;, and n by using the golden
ratio.

20. Next

The heuristic consists of several parts. The initial-
ization occurs in lines 1-5 and uses several param-
eters: n;/n; is the lower/upper bound of the total
number of agents, 8;/B; is the lower/upper bound
of B, and M is a large number, e.g., 10*. In lines 6-11,
the heuristic finds the optimal agent configuration
with respect to f(B,s) for a fixed Lagrange multi-
plier B and a fixed number of agents n = se. Lines
15-16 optimize the costs by varying 8, whereas lines
18-19 vary n. Optimality with respect to 8 is tested
in lines 12-14, which is also checked against optimal-
ity with respect to n in line 18. The result is stored
in the variable s***, which is the final output of the
algorithm. A few lines require additional explanation,
which are given next.

3.1. Apply Local Search

In the part where the optimal agent configuration
is determined, lines 6-11, we mention a local search
algorithm that has not yet been defined. To this end,
we define an ordering on the set {s: se = n} such that
s, < s, iff f(B,s1) < f(B, s,). The local search algorithm
works well theoretically if there exists a path s; =s' <
s <--- <s’ =s, of length p such that s =s'—¢, +¢,,
with a, b € G, and ¢; a vector with a one at index 7, and
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zero otherwise. In practice, it also performs well in
all our experiments. In the local search algorithm, the
next state s't! =s' — e, + ¢, is the successor of s’ cho-
sen such that f(B, s'*!) is maximized over all a, b€ G,

and f(B, s > f(B, s').

3.2. Avoid Simulations

We use performance evaluation methods other than
simulation to determine service levels in the local
search algorithm. The benefit is a considerable reduc-
tion of computation times. We refer to §3.4 for the
details on the alternative methods, which are based
on blocking models, and we give a summary in this
paragraph. A disadvantage of the alternative methods
is that the absolute values of the service-level approx-
imations are not accurate. However, changes in ser-
vice levels obtained by adjusting the sizes of the agent
groups can be measured sufficiently accurately to be
useful; see §3.5 for a numerical example and a discus-
sion. To ensure that the service level converges to «,
we adapted the calculation in line 15. We optimize
the Lagrange multiplier 8 such that the service level
approaches «, ensuring that the service-level condi-
tion is met. This requires that SL™ ™(B) is a monotone
increasing function in (8, which is discussed in the
next paragraph.

3.3. Assume Monotonicity

The second part of the heuristic deals with the opti-
mal value of B. The implementation is based on the
intuition that f®(B) is monotone in B for fixed n.
Indeed, when g is high and increases, the service level
becomes more relevant when determining s, resulting
in a higher value of f(B) because of more conser-
vative scheduling. The opposite holds for small val-
ues of B. The third part of the heuristic optimizes n
and relies on concavity of f. Indeed, by intuition,
the service level is concave in 7 if the system is sta-
ble and the costs K(s) will typically be linear. Note
that n is not a continuous variable, so that the use
of a Lagrangean relaxation can lead to further inac-
curacies. The variable 7 is optimized by the golden
ratio search (Press et al. 2002). In line 19, we always
increase n; if the service level cannot be met: for
example, if the system is not stable. This is checked
by taking 8 =M, and applying the local search algo-
rithm from lines 6-10 such that the service level is
maximized.

3.4. Performance Improvements

The algorithm, as described in the previous section,
has long computation times because of the large num-
ber of simulations required in line 7. Hence it is
beneficial to replace simulation by another method
whenever possible. We achieved this by using meth-
ods from the literature that are based on multi-
skill blocking models (see, for example, Franx et al.
2006, Chevalier and Tabordon 2003). These meth-
ods assume no queues and approximate the blocking
probability of the system. Although these assump-
tions are not made in our model, the methods are
useful; earlier studies show that when comparing
two different staffing levels, the difference in blocking
probabilities accurately reflect the difference in service
levels for the original system (see Koole et al. 2003 for
a first example; Chevalier et al. 2004, Chevalier and
Van den Schrieck 2005 for a method that integrates
one of these methods in an optimization algorithm).
Thus these methods are useful for optimization pur-
poses, and therefore used in all of our numerical
examples. In particular, we used the HyperExponen-
tial Decomposition method from Franx et al. (2006)
and the Hayward-Fredericks method from Freder-
icks (1980). The results reported in Tables 1-3 are
obtained by the Hayward-Fredericks method. We pre-
fer this method above the HyperExponential Decom-
position method because it is faster.

To support these methods of blocking models, the
algorithm is adjusted as follows:

* replace in lines 6-11 “SL” by “SL,” which denotes
one minus the blocking probability, instead of the
probability of waiting less than 20 seconds,

* replace 8 by 8 because the Lagrange multiplier
has no longer the same meaning, and

e determine after line 11, SL™ " (8) by simulation,
and calculate f™(p).

Line 15 is of crucial importance because it ensures that
the service-level constraint is met.

The performance is improved further as follows.
With the initialization, it is preferable to choose 7,
and n; that are as tight as possible. A formula such as
the Erlang-C is helpful to calculate lower and upper
bounds on the total number of agents. A lower bound
is obtained by considering the system as a single-skill
call center and taking the highest service rate over
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all groups and skills. An upper bound is obtained by
considering separate call centers for each job type.

Finally, we mention a number of technical details
that help us to reduce the computation times

(1) We take z=MAX(2.0, LOG(B, — BL))-

(2) For each n, the local search starts with the
agents equally distributed among the agent groups.
Every time that 8 is adjusted according to the bisec-
tion algorithm, the group sizes are not changed.

(3) Before B is optimized for a certain 1, we check
whether the best objective value that has been found
so far can be improved for that value of n by calcu-
lating an upper bound. Otherwise, 8 is not optimized
and the golden ratio method continues directly by
choosing another value of #.

(4) Each time the staffing vector is adjusted accord-
ing to s < s+¢; — ¢;, we repeat the same movement
several times, as long as the objective improves and
the jth component of s is greater than zero, with a
maximum of three times.

3.5. Optimality with Blocking Models
We validate the usage of blocking models by perform-
ing numerical experiments. We compare two perfor-
mance measures: (1) the overall blocking probability
in case of no queues and (2) the fraction of customers
who are served within 20 seconds waiting in the pres-
ence of queues. The first measure is approximated by
using the Hayward-Fredericks method, and the sec-
ond measure is approximated by means of simulation.
We consider an arbitrarily chosen model. There
are three types of jobs, ./l = {1,2,3}. Jobs arrive
with intensities A; =1, A, = 1.5, and A; = 2. The
groups are S; = {1}, S, = {2}, S; = {3}, 5, ={1,2},
S5 =1{2,3}, and S, ={1,2,3}. The routing policy is
1:1->4—-6),222—-4—->5—>6),and (3: 3> 5— 6).
The service rates are w, ; =0.5, u, , =0.55, u; 3 =0.6,
My 4 =047, pu, , =050, p, 5=0.51, p3 5=0.56, u; o=
0.45, p, ¢ =0.45, and u; 4 = 0.52. The initial staffing
levels are s, =2,5,=2,5;,=2,5,=2,55=2, and s, =2.
By means of experiments, we measure and compare
the relative differences of both performance measures
when agents are moved from one group to another,
for all possible combinations. Under the initial staffing
levels, we obtain a service level of SL"(s) =0.7922 in
case of queues, and a service level of ﬁw(s) =0.8896
in case of no queues. Figure 1 relates the changes

Figure 1 Blocking vs. Waiting Time Measures (in Percentages)

5 —

-10 —

[ [ [ [ [
ASLE (5)

between the two types of service levels when the
staffing levels are adjusted. It is a scatter plot of
the relative changes of both measures compared to
the initial staffing levels, with the change in blocking
probability marked on the x-axis and the change in
the quantile of the waiting time distribution plotted
on the y-axis. We conclude that the ordering of these
differences for both models are roughly identical.

Next, we execute another experiment to compare
the staffing levels of the two methods that result from
optimization. A local search method is applied to
maximize the service levels with the same total num-
ber of agents, i.e.,, 12 persons. In case of queues, the
optimal service level is 84% and the corresponding
staffing levels are (0, 0, 2, 4, 4, 2). Without queues, we
obtain a service level of 83% and the staffing vector
0, 0, 0, 2, 4, 6). This shows that approximations by
means of blocking probabilities yield nearly optimal
staffing levels. However, this example also reveals
that the optimal staffing vectors can differ between
both methods. In our opinion, there are three impor-
tant observations of this experiment:

(1) Blocking probabilities are less sensitive to
adjustments of the staffing vector.

(2) The usage of blocking models yields solutions
with relatively many generalists compared to delay
models. This is intuitively clear because the service
of a client in blocking models requires that an agent
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Table 1 Output of the Staffing Algorithm
n
16 17 18
B s SL” (%) ] s SL™ (%) I s SL™ (%)

2,563 (6,4,6) 80 2.5¢3 (7,5,5) 87 2.5e3 (8,5,5) 93
6.3e2 (7,4,5) 80 6.3e2 (8,4,5) 88 6.3e2 (9,4,5) 93
1.662 (7,4,5) 80 1.662 (8,4,5) 88 1.662 (9,4,5) 93
3.9¢1 (9,5,2) 81 3.9¢1 (10,5,2) 87 3.9¢1 (10,6,2) 91
9.8¢0 (11,5,0) 76 9.8¢0 (11,6,0) 84 9.8¢0 (12,8,0) 89
1.7¢1 (10,6,0) 76 2.4¢0 (14,3,0) 41 2.4¢0 (15,3, 0) 42
2.3e1 (10,8,0) 76 4.3¢0 (12,5,0) 81 4.3¢0 (13,5,0) 83
2.7¢1 (10,6, 0) 76 — — — — — —
3.6e1 (9,5,2) 81 6.7€0 (12,5,0) 81 4.3e0 (13,5,0) 83
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must be available upon arrival, which pleads for
agents with many skills. In delay systems, however,
customers can also be served after the arrival epoch
because they can wait. Then, the higher service speed
of specialists becomes more beneficial.

(3) The number of nearly optimal staffing vectors is
huge, and the vectors are diverse. This holds for both
types of models. For example, the previous example
gave two solutions with almost the same service level.
A reason for the latter two observations is that we
did not differentiate between the staffing costs of
the different agent groups. However, the staffing
algorithm does differentiate between costs by means
of the Lagrange multiplier. Hence the difference in
staffing vectors between delay and blocking models
becomes much smaller, which can be concluded from
the example in §4.2. Moreover, §4 provides numer-
ical examples of the algorithm of this paper. These
allow us to conclude that the staffing algorithm works
well and produces nearly optimal results in reason-
able cases.

4. Numerical Experiments

In this section, we provide numerical examples illus-
trating the method from §3. The examples use models
having infinite waiting queues, customers having infi-
nite patience for service, and service according to a
first-in-first-out service discipline per job type. Upon
arrival, calls are assigned to employees according to
overflow policies (see, e.g., Franx et al. 2006) and in
such a way that specialists have the highest priority,

agents with two skills the second highest priority, and
agents with three skills the third highest priority. At
a service completion, among the queues with jobs for
which the agent has the right skill, a job from the
longest queue is taken.

The computations were executed on a PC with a
2800 AMD Athlon™ processor. The RAM usage was
always low.

4.1. A Call Center with Two Skills

Consider a call center with two skills and three agent
groups, i.e.,, G=23 and /l = {1, 2}. The arrival rates are
A =1.5and A, =2. A group of specialists is included
for each call type, S; = {1}, S, = {2}, and additional
flexibility is assured by generalists, S; = {1, 2}. Upon
arrival, the routing policy is (1: 1 — 3) and (2: 2 — 3).
This means that calls of type 1 are assigned to agents
of group 1, unless all type 1 agents are unavailable. In
that case, agent group 3 is considered. The sequence
for type 2 calls is interpreted similarly. The costs c,
of staffing an agent in the gth group is 0.5 if g =1,
0.7 if g =2, and 0.9 in case g =3. Specialists are more
efficient than generalists, thus w;; = 0.18, u,, = 0.6,
3 =0.16, and u,; =0.5.

Table 1 summarizes the main results that are
obtained by applying the algorithm to this example.
The table consists of three columns for different num-
bers of agents 7, determined by the optimization pro-
cedure. For each 7, it shows in each consecutive row
the 8 obtained by bisection, together with the optimal
staffing level obtained by local search, and the corre-
sponding service level. The variable 3 converges over
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Table 2 Cases with Three Skills

Parameters

o
=

>~
5

Ag Hg Haz H3q K3z Ha Hag ) Hs3 g1 He2 He3 Gy Cy C3 Cq Cs Co

i0 15 20 020 o018 019 017 019 016 017 016 018 016 015 10 10 11 11 11 12
10 15 20 020 018 019 017 019 016 017 016 018 016 015 13 1.0 14 14 11 15
i0 15 20 020 o018 019 017 019 016 017 016 018 016 015 10 10 11 13 13 14
i0 15 20 020 o018 019 017 019 016 017 016 018 016 015 10 12 13 13 13 14
10 15 20 015 018 014 017 014 016 017 016 013 016 015 10 10 11 11 11 12
. 15 20 020 015 019 014 019 016 014 016 018 013 015 10 10 11 11 11 12
i0 15 20 015 015 014 014 014 016 014 016 013 013 015 10 10 11 11 11 12
20 15 20 015 018 014 o017 014 o016 017 016 013 016 015 10 10 11 11 11 12
20 15 20 020 015 019 014 019 016 014 016 018 013 015 10 10 11 11 11 12
20 15 20 015 015 014 014 014 016 014 016 013 013 015 10 10 11 11 11 12
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the different rows to the optimal value. The integer
after the “e” in the column of E, say k, denotes that
the value should be multiplied by 10*. The table only
presents data of the first nine iterations of the bisec-
tion algorithm because they show the most significant
improvements.

The last two rows in Table 1 show the optimal
outcomes for each value of #; the first row presents
the optimal B, s*, and SL”. The second row contains
the staffing costs of the optimal vector. In addition, the
staffing costs K(s*) are 9.8, 9.5, and 10 for 16, 17, and
18 agents, respectively. Moreover, taking n =19 yields
as optimum K(s*) = 10.5. The objective value of 9.5
for n=17 is the best solution found. It also appears
to be optimal; no better solution was found by enu-
merating the whole search space and evaluating each
staffing vector.

The algorithm requires simulating a few more than
17 different staffing vectors, taking a few seconds
computation time each. Moreover, the optimization
procedure performed by local search hardly takes any
time.

4.2. Comparison to Cutting Planes Methods

In this section, we make a comparison to the method
from Cezik and L’Ecuyer (2006), which is the best
available alternative, so it should be used as a bench-
mark. We are not able to compare our results to those
reported in the paper by Cezik and L'’Ecuyer (2006),
because they differentiate between the importance of
the different call types. Priorities between call types
are incorporated by the way that calls are selected

when an agent finishes a call. Agents give the high-
est priority to type 1, and the higher the index of the
call type, the lower the priority is. In contrast, no pri-
orities are supported in our model. An agent serves
the longest waiting customer. Moreover, we impose
only one constraint on the service level, while Cezik
and L'Ecuyer (2006) consider a constraint for each cus-
tomer type. Hence we composed other instances with
this type of call selection policy.

We consider a call center with three skills. The agent
groups are S, = {1}, S, ={2}, S =1{1,2}, S, =({1,3},
S5 =1{2,3}, and S; = {1,2,3}. The routing policy is
1:1->3—>4—-6), (222—>3—>5—6),and (3: 4 >
5 — 6). The instances are described in Table 2, which
contains all the other required parameters. The time
unit is one minute and the period of the simulation
runs in both methods is 160 hours. Cases 2-10 are
derived from Case 1. The differences compared to
Case 1 are given next:

* Case 2 (3): cost of type 1 (3) is increased,

e Case 4: costs of types 2 and 3 are increased,

* Case 5 (6): service time of type 1 (2) is increased,

¢ Case 7: service times of types 1 and 2 are
increased,

* Case 8: arrival rate of type 1 and the service time
of type 1 are increased,

e Case 9: arrival rate of type 1 and the service time
of type 2 are increased,

* Case 10: arrival rate of type 1 and the service
times of types 1 and 2 are increased.

The results are presented in Table 3. The service
level in all cases is close to 80% with a deviation of
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Lagrange relaxation for improving the readability of an earlier version of the
—f 346 386 37.8 402 36.8 367 387 438 420 460  manuscript.
CPU 3 3 3 4 2 2 3 4 3 2

No.of sim. 31 32 30 40 18 19 21 34 22 17

Cutting planes

—f 34.8 385 38.8 434 37.1 37.6 38.0 44.8 425 47.0
CPU 16 14 12 25 22 14 14 17 21 26
No.ofsim 50 44 38 50 56 32 45 43 55 44

at most 2%. The service levels are not reported in the
table because it is not to the advantage on one or both
methods.

We read from Table 3 that the objective values of the
two methods are close to each other for each instance.
In most cases, the objective values are lower with the
Lagrangean relaxation, as introduced in this paper.
However, the service levels are also slightly lower in
these cases. Hence we conclude that the accuracy is
comparable to the cutting planes method.

5. Concluding Remarks

In this paper, we present a method for staffing in
multiskill call centers. Two appealing properties are
the short computation times and the high accuracy.
Although our experiments deal with call centers hav-
ing at most five skills, computations are still tractable
for call centers with more skills. Another advantage
is that the method is easy to implement. The results
of the method can therefore be used for the shift
scheduling problem to generate shifts and rosters.
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