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Abstract. Modern call centers are highly complex queuing systems, in
which there are several possible call types, and many agents groups.
Due to this complexity, simulators are now preferred for their man-
agement than standard Erlang queuing models. Several studies have
shown through data analysis that agents often have quite different speeds
for processing a call type. However, this agent heterogeneity is often
neglected, which is why most simulators have not been designed to use
heterogeneous agents to process a service. In this work, we use simula-
tion to study the impact of agent heterogeneity on the performance of
call centers. We developed and integrated a module into the call center
simulator, ContactCenter, which allows the use of heterogeneous agents
to process a service. We have analyzed data collected from a real call
center and have shown that agents have different processing speeds for
handling a call type. We have modeled the distribution of arrivals, ser-
vice times and patience times that will enable us to simulate this call
center. Simulation result show that call center performance on a given
day depends largely on the agents chosen to answer the calls.
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1 Introduction

A call center is a set of resources for communication between an organization and
its customers over the phone. Today, we also refer to them as contact centers,
because agents can use other mediums of communication, such as post, e-mail,
online chat, etc. Call center is widely used in various service and manufacturing
industries. Effective call center management is a difficult task because of the
considerable sources of uncertainty; these include call arrival rates, which typ-
ically vary over time and are stochastic, service times, which are random and
whose distribution may depend on the type of call and the agent handling it,
as well as agents who may be absent or may not follow their planned sched-
ules [3,6,7,10,11,14]. Given to the complexity of modern call centers, simulators
are much more widely used for call center management than standard Erlang
models.
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In this paper, we focus on the impact of agent heterogeneity on call center
performance measures. We analyze data gathered at the call center of an infor-
mation technology (IT) company in the Netherlands. This real call center setting
is complex, consisting of many heterogeneous agents and multiple distinct call
types. The data show that service times differ greatly across such agents. How-
ever, in call center management, this heterogeneity is often neglected, and it is
often assumed that the distribution of call duration depends only on the type of
call but not on the agent handling the call. That’s why most of the simulators
tools, such as ContactCenters [5], are not designed to take into account agent
heterogeneity. They only allow the use of a single distribution of service time for
a call type. To be more precise, the same distribution is used to generate service
time for all agents that can serve a call type.

In this work, we will develop and add a module in ContactCenters that allows
the specification of a distribution of service times for each pair (agent, call type).
ContactCenters is a call center simulator developed with Java by the Stochastic
Simulation Laboratory at the University of Montreal (Canada). It is also used
by some companies to manage their call centers. We use this new version of
the simulator and show that a simulation model that takes into account agent
heterogeneity predicts call center performance better than a simulation model
that ignores agent heterogeneity. However, before conducting the simulations,
as a first step we will search through real data the distributions that best fit
arrivals, service times, and patience times.

The remainder of this paper is structured as follows. Section2 presents a
literature review on agent heterogeneity in service systems, in particular for call
centers. In Sect. 3, we describe and do a preliminary analysis of the data set
that motivated this research. Section4 present our call center modeling param-
eters, and the simulation experiments we conduct to show the impact of agent
heterogeneity on call center performance. The conclusion is given in Sect. 5.

2 Litterature Review

To analyze call center operations, standard Erlang queueing models have been
widely used. In these models, arrival are modeled as Poisson process, agent ser-
vice times are modeled as independent, identically distributed exponential ran-
dom variables with a constant mean. However, many studies have shown that the
lognormal distribution is a remarkably good fit for the service-time distribution
than the exponential distribution [4,7,11,15]. This is inevitably affecting call
center performances. In queueing models, customer heterogeneity has received
ample attention in both practice and theory. In contrast, server heterogeneity
has received relatively scarce attention. There are not much research addressed
on the statistical and practical implications of service time heterogeneity among
agents. Some works on routing policies, which studied queueing models with
heterogeneous servers, try to route incoming calls to minimize a performance
measure, such as the average waiting time. Most of them try to find the optimal
routing policies in large-scale systems under heavy-traffic conditions [1,2,8,9].
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In general, these papers show that control decisions can actually benefit from
agent heterogeneity, e.g., routing incoming calls to the fastest idle agents reduces
customer waiting. Mehrotra et al. [13] do a numerical study to characterize over-
all performance in terms of customer waiting time and overall resolution rate.
Wang et al. [16] study scheduling and routing strategies of heterogeneous agents
in call centers. They construct an integer linear programming of the schedul-
ing problem for call centers with agent heterogeneity, and combine the use of a
discrete-event simulation model with an artificial bee colony algorithm to solve
the model.

There is very little empirical research supporting that theoretical work. Gans
et al. [7] analyze call-center data and identified both short-term and long-term
factors associated with agent heterogeneity in practice. Ibrahim et al. [11] use
mean service time from real data and propose a method to predict the variance of
service times. Assuming that service times follow a lognormal distribution (that
uses the mean and the predicted variance), they show through small simulation
models that agents heterogeneity can have an impact on call center performance
measures.

In this paper, we extend the theoretical research mentioned above with empir-
ical work. We have analyzed data and shown that service times differ greatly
across agents. We show through our data that the log-normal distribution fits
service durations better than the exponential distribution, the call arrival follow
a non-homogeneous Poisson process, and customers patience follow an exponen-
tial distribution. We will show through simulation that call center performance
measures could be much closer to real performance when the agents heterogene-
ity is taken into account. Thus, we take a step forward to fill this gap in the
literature.

3 Data and Analysis

In this section, we will describe the two datasets collected in the call center
studied, and we will also perform an in-depth analysis of these data.

3.1 Datasets Description

In this work, we use two dataset collected by VANAD Laboratories located in
Rotterdam, in The Netherlands. They were collected over the span of one year,
ranging from January 1, 2014 to December 31, 2014. This center operates from 8
a.m to 8 p.m from Monday to Friday. Unlike most call center data, which are only
aggregated data (that are not always complete to extract a day’s parameters and
performance measures), here we have call-by-call log data and agents activities
data. In our data set, there are 27 call types. We call them T1, T2, ---, T27
from the one with the highest call volume to the one with the lowest. They
are handled by a group of 312 agents. This includes part-time agents, full-time
agents, agents that worked only for a few months and agents that worked in
every month of the year. Each agent has a skill set, which consists of at least
one skill. Not every agent has all the skills. In total, there are 2,983 distinct
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agent /call type combinations, where each combination corresponds to an agent
handling a particular call type. Our data contains a total of 1,543,164 call logs
and 1,639,770 activities logs.

The call-by-call data contains on each received call the following information:
the call type, the arrival time, the date of the day, the desired service, the
Voice Response Unit (VRU) entry and exit time. For the calls that have to
wait, the data contains the queue entry time and the queue exit time. For each
received call, we know whether it has been served or abandoned. When a call is
abandoned, the time of abandonment is also known. Finally, for a served call,
we have the started service time, the ended service time, and the ID of the agent
who serve the call.

Activity data contains information on the activities carried out by an agent
during a working day at the call center. This information includes the activity
ID, the activity start time, the activity end time, and the agent ID.

3.2 Data Analysis

To sketch a temporal distribution of the workforce, we plot in Fig. 1 the average
number of agents answering calls per weekday, with 95% confidence bands. We
see that the number of agents is highly variable on Mondays, and that Fridays
have the least number of agents, on average. In Fig. 2, we plot the total average
call volume per weekday, including all call types. Consistent with Fig. 1, Fig. 2
shows that call volumes on Mondays exhibit the highest variance, and that call
volumes on Fridays are lowest on average.

Figure 3 gives a scatter plot of the empirical means versus variances of service
times for different call types in our data. Each point in the plot corresponds to
a given (mean, variance) pair, corresponding to a given call type. Figure 3 shows
that there are significant differences in means and variances across different call
types. As expected, Fig. 3 shows that call types with longer durations generally
exhibit higher variances.

Service time distributions for the same call type vary considerably depending
on the agent. In Figs.4 and 5, we illustrate this agent heterogeneity. We plot
average service times for two call types: T'1, which is handled by 286 agents, and
T2, which is handled by 191 agents, as a function of the total number of calls
answered (over the one-year period covered by our data) by each agent.

The horizontal line in each figure indicates the overall average service time
across all agents, for each call type. Figures4 and 5 show that there is significant
variability in service times across all agents. Figures4 and 5 also show that there
are clearly clusters of agents who seem to perform in a roughly similar manner
(having either shorter or longer than average service times). In general, agents
who have handled many calls during the year are much faster on average than
those who have handled few calls. The latter are either agents who have handled
very few calls in general, or ones who have mostly handled calls of other types.
To illustrate this, in Fig.6, we plot the average service time of each months of
some experienced agents and some new agents. As one can see from Fig.6(a)
the average service time of each experienced agents is different; furthermore, in
Fig.6(b), the average service time of new agents all exhibit a declining trend,
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which suggests that new agents learn over time, and their average service time
decrease as they learn.

In Figs. 7 and 8, we plot the variances of service times for all agents handling
call type T'1 and T2, respectively, as a function of the total number of calls
of that type answered by the agent. It appears that agents who have handled
more calls tend to exhibit less variance in their service times. In other words, the
larger dispersion is mainly exhibited by less experienced agents (those answering
fewer calls). These Figures confirm that there are clear differences in variance of
service times across agents.
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Fig. 3. Each point corresponds to a (mean, variance) pair for a given call type.

4 Call Center Modeling and Simulation Experiments

In this section, we present the call center parameters modeling, and we describe
the simulation experiments that we conduct to evaluate the impact of agent
heterogeneity on call center performances measures.

4.1 Call Center Modeling

As we said earlier, the call center studied in this work have K = 27 different call
types. There is one waiting queue per call type. In this section, we describe how



The Impact of Agents Heterogeneous in Call Center Performance Measures 233

g e |- I R

S 400 S

Rz Z 400 ® ° g

Q O ' [ ]

E g °

2 300 2

3 g 300

> >

g g

o 200 L 200

] [ay]

- —

: :

< 100 < 100
0 2,000 4,000 6,000 0 2,000 4,000 6,000
Number of answered calls Number of answered calls

Fig. 4. Average service times for different Fig. 5. Average service times for different
agents handling type T'1 calls as a func- agents handling type T2 calls as a function
tion of the total number of calls answered of the total number of calls answered per
per year. year.

(a) Experienced agents. (b) New agents.

12345678 9101112 12345678 9101112
Month Month

) z

5 g

3 o1

£ 400 £ 400

9 )

£ g

s 300 | o 300 N\
2 e

Z ﬂé/\“ z S V%
% 200 e 200

g &

4 19

< =

Fig. 6. Average service time per month of some agents.

we model call arrivals, service times, and patience times for use in a call center
simulation. Note that in this section, we will report the results of modeling of
one or two call types. However, it should be noted that the results are similar
for all call types. It should also be noted that, prior to modeling, we removed
the bad days from our dataset, i.e. holiday days and very special days. There
are 21 such days in the year.

Arrival Process: Figure9 and 10 shows the annual mean of arrival counts per
period of 30 min and per weekday for call type T1 and call type T2, respec-
tivrly. We see from these figures that the arrival behavior for Monday differs
significantly from that of the other days and the arrival rate varies considerably
during the day. Figure 11 shows the fit of call type T1 inter-arrival data with an
exponential distribution. We observe that the exponential distribution fits the
inter-arrival well, so we can deduce that arrivals follow a Poisson process. The



234 M. Thiongane et al.

£ £

(9] ()

ng () ’Ss [ ]

= 400 =

g g 300 @ .

2} ) o ©

< L4 ° <

L ke

: 200 . : v&&. e o

= = 0 [

g 5100 e

) ()

&0 &0

5 5 °

= 0 > 0

< 0 2,000 4,000 6,000 < 0 2,000 4,000 6,000
Number of answered calls Number of answered calls

Fig. 7. Average variances of service times Fig. 8. Average variances of service times
for agents handling type T1 calls as a for agents handling type T2 calls as a func-
function of the total number of calls tion of the total number of calls answered
answered per year. per year.

result observed with Fig.9 and Fig. 11 combined shows that the arrivals follow
a non-stationary Poisson process. To take this into account in the simulation,
we have divided the opening hours of the call center into P = 24 time periods
of 30 min. So, for a call type k, the arrival process is a Poisson process with a
constant rate A, over each period p, so the vector of arrival rates over the P
periods is Ay = (Ak,1,- .., Ak, P)-

Service Time: A service time often consists of a first part handled by an
interactive voice response (IVR) system, and a second part where the call is
handled by an agent. Since we are interested in service times from the viewpoint
of agents, we do not consider the IVR part because agents are not involved for
that part. From the viewpoint of an agent, an individual service time is the sum
of: (i) the time spent actually talking to the customer (call time), and (ii) the
post-call time spent by the agent to wrap up issues related to the call, during
which s/he remains unavailable.

Figure 12 shows the fit of call type T1 service time data with an exponential
and lognormal distribution. We observe that the lognormal fit better than the
exponential distribution. In our simulation, for type k, the service times dis-
tribution are modeled by a lognormal distribution with mean pj and variance
o?. Notice that to take into account the heterogeneity of agents we specify a
distribution of service times for each pair (agent, call type).

Patience Time: The patience time represent the time a customer is willing to
wait for service. A customer abandons the queue once her waiting time exceeds
her patience time. Figure 13 shows the fit of call type T1 patience time data
with the exponential distribution. We observe that the exponential distribution
fits the patience time well. In simulation, the patience times for a call type k are
exponential with mean 1/v.
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The Staffing: For each working day agents are divided into G groups. An agent
of group g € {1,...,G} has the skill set Sy C {1, ..., K'} which defines the set of
call types she can serve. Let s, = (sq,1,...,54,p) be the staffing vector of group
g, where s, 5, is the number of agents from that group working in period p. For
each working day, G the number of group, and s, the staffing vector of group g
can be calculated from the log activity data.

Routing Policy: The routing mechanism works as follows. When a customer
calls, she will interact with the IVR by making use of her key pad to choose
the call type k. If there is any agent available with the skill to handle that type
of calls, then she is routed to the longest idle agent of those available agents;
otherwise, she will wait in an invisible queue. The calls in this queue are served
in the FCFS (first come first served) order.
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4.2 Simulation Experiments

In this section, we compare the performance of two simulation models of the
call center with actual call center performance. This comparison is made on two
different days, Day 1 and Day 2 chosen at random in our dataset. The first is a
day in May and the second a day in July. Here’s a description of each model.

Model 1: the arrival process is a piecewise constant Poisson process for each
call type k. The vector Ay that represent the arrival rate over all period and
1/vi the mean patience time for call type k are calculated from the real data of
the simulate day; The used agents are those who worked on the simulated day.
Indeed, the number of group G, and the staffing vector s, for each group g are
calculated from the data; the service time distribution is lognormal and we take
into account the heterogeneity of the agents. Thus for each pair (agent a, call
type k) the parameters (g k, 0q.%) of lognormal distribution are also calculated
from the data; The routing policy is that described in the previous section.

Model 2: It is similar to Model 1 except on service time distribution. Here, we
assume that all agents are identical, so the distribution of service times depends
on the type of call and not on the agent handling the call. Here we have a
distribution of service times for each call type. The parameters of the distribution
of the service times for each call type are calculated using data. The mean (the
variance) is average of the mean (the variance) service time of all agents who
have the skill to handle that call type.
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The performances we consider are the average waiting time (AWT) of calls
and the service level (SL(s)), defined as the percentage of calls whose wait-
ing times are less than s seconds (here we fixed s = 60). We are only interested
in the performance of the 8 call types that receive more than 99% of call volume.

The system we simulate is non-stationary. Consequently, the SL and AWT
results are different for each simulation. Given this variability, we repeat the sim-
ulation n = 10,000 times. Therefore, for each model and for each day, there are
10,000 simulation results and one realization. To measure the difference between
simulated and actual results, we use WAE (weighted absolute errors).

A S1Mm

XA EX - Xe |

i=1""1

where )A(:lm is the simulated result of day i, and X{“ is the actual result of day
i, and A; is the number of arrivals in day i. We compute the WAE of SL and
AWT, which is WAEg,, WAE swT, respectively.

WAE measures the difference between the simulation results and the actuals.
If WAE is equals to 0 this means that the simulation model has produced a result
that is equal to the actuals. In other words, the model is a perfect representation
of the system to be simulated. However, this ideal does not exist in stochastic
modeling, and WAE are always positive. One part of the WAE comes from the
variability in SL, and AWT; for exemple the SL is different per simulation. The
other part of WAE comes from the model; for example, if one simulates a model
which does not describe the reality well, then there is a big difference between
the simulation results and the actuals.

4.3 Results and Discussion

In Fig. 14(a) and Fig. 14(b), we plot the WAEswr values for Model 1 and 2 as
function of the call type, for Day 1 and Day 2, respectively. We observe that
the Model 1, which takes into account agent heterogeneity, have a WAEawT
that is around 20 seconds less than that of the Model 2, which assumes that
all agents are identical, for all call types. This means that Model 1 predicts the
average waiting time better than Model 2. Figure 14(c) and Fig. 14(d) plot the
WAEgy, for Model 1 and 2 as function of the call type, for Day 1 and Day 2,
respectively. We can see that the Model 1 have a WAEgy, that is around 1.5%
less than that of the Model 2. This means that Model 1 predicts the service level
better than Model 2. With these results, we can conclude that Model 1 models
the call center better than Model 2.

The difference in performance between the two models may appear minimal
at first glance, however they could lead to significant cost savings in practice.
ACS Wireless found that by reducing AWT by just 0.6 s will save $8 million a year
[7,12]. In addition, small percentage differences in SL can make the difference
between compliance and breach of service level agreements, which can lead to
heavy penalties for the call center [7,11].
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5 Conclusion

In this work, we looked at the impact of agent heterogeneity on the performance
measures of a call center in which we have detailed data. We have reviewed
the literature on agent heterogeneity in call centers. We analyzed real data and
showed that agent service times vary considerably depending on the agent for a
given service. A module for simulating a call center with heterogeneous agents
was developed and added to the ContactCenter simulator. Modeling and param-
eter estimation with real data for the distribution of arrivals, service times, and
patience times was done to enable us to simulate the call center. By simulat-
ing two call center models on two separate days, we have shown that taking
into account agent heterogeneity leads to better predictions of call center per-
formance. In future work, we plan to study the impact of unplanned breaks and
correlation on the service times of call types handled by the same agent.
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