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ABSTRACT Data-driven operations management methods can transform company operations, respond
rapidly to customer demands, and enable new business models. However, companies face the challenge
of measuring and evaluating how new technology will impact operational processes. This article takes
a systems engineering approach to assess the tradeoffs of adopting data-driven mechanisms to improve
operational processes in a multichannel customer support system. In this article, we investigate potential cost
savings from two technology applications: classification methods to direct customers to efficient self-service
communication channels and routing methods to match customers with agents based on the query type and
available skill set. Discrete event simulation evaluates how new technology adoption affects system-level
performance. What-if scenarios combine distinct configurations of customer classification mechanisms and
available communication channels to evaluate the reduction in the total number of agents required to
meet a target service quality level. Discussion includes practical examples of how operational managers
could use experimental information to make strategic operational decisions when adopting data-driven
technologies.

INDEX TERMS Data-driven methods, operations management, simulation, systems engineering.

I. INTRODUCTION
Organizations invest in data-driven technologies to improve
operational processes and product quality, reduce costs, in-
crease sales and customer engagement, sell experiences, and
create new business models [1], [2], [3], [4]. For example,
McDonald’s invested millions of dollars in 2019 to develop
artificial intelligence (AI) and machine learning tools to boost
sales [5]. Technologies combine data such as weather condi-
tions, time of day, and customer order history data obtained
from reading a license plate to make order recommenda-
tions. Similarly, a U.S. bank earned $2 billion by adopting
data-driven initiatives that generated additional revenues and
improved operating process efficiency [6].

The service industry provides interesting opportunities to
improve business processes by leveraging new technology.
Due to its labor intensity and difficulty to mechanize and
automate processes [7], increases in operational productivity

come largely from improvements in the use of knowledge
and application of technology [8]. Machine learning algo-
rithms identify patterns in customer data and translate them
into tangible business insights to enhance customer relations,
forecasting, and process automation [9], [10], [11].

With the emergence of new communication channels such
as emails, online accounts, social media, and mobile apps,
traditional call centers have become multichannel customer
support systems [12]. Omnichannel data availability and
advanced data analytics improve customer experience and
enhance customer satisfaction [13], [14]. Data-driven tech-
nologies enable contact centers to become more proactive,
better assist customers, and enhance their interaction expe-
rience [15]. Customer support systems can leverage transac-
tional data to better understand customer queries and provide
self-service support to improve routing and employee pro-
ductivity [14], [16]. Intelligent contact routing can reduce
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FIGURE 1. Systems engineering approach assesses the ability for
data-driven methods to improve customer support system performance by
interconnecting strategic goals with operational activities.

customer waiting time, improve contact resolution [17], [18],
increasing customer satisfaction, and reducing operations
cost [19], [20].

While successful cases motivate the pursuit of data-driven
technologies, companies must carefully assess their processes,
resources, customer demand, market, and competitors to iden-
tify potential benefits and guide technical implementation.
The decision to pursue digital transformation is challeng-
ing due to technical, computational, operational, and cultural
barriers [21], [22], [23], [24], [25], [26]. Unique scenarios
require tailored analysis and, as innovation is expensive and
technology advances at a rapid pace, the outcome of proposed
changes is uncertain. Therefore, company transformation pro-
cesses require an approach that allows for quick, inexpensive,
and flexible assessment to inform decisions.

This article contributes a simulation assessment method
to evaluate data-driven technology infusion in a customer
support system. A systems engineering approach in Fig. 1
helps to interconnect strategic and operational perspectives.
First, we define the system requirements and establish the
system boundary. Next, we develop a conceptual design of the
customer support system and propose new data-driven com-
ponents and processes. Finally, simulation analysis assesses
how adopting smart technologies and data-driven processes
impact the customer support system performance measured
by the required staffing levels to meet a target service quality.
Alternatives vary self-service contact channels and implement
data-driven mechanisms to: 1) allocate customers to channels;
and 2) route customers to agents. Results identify which tech-
nology combinations can achieve four cost reduction targets
of 8%, 13%, 20%, and 27%.

II. CUSTOMER SUPPORT SYSTEMS
Customer support systems strive to create a more dynamic,
intuitive, and natural experience for customers. Digital chan-
nels combine with other phases of the customer support
system to provide detailed data on the customer interaction
processes and offer customized and lower-cost self-service
alternatives [12], [13], [27].

FIGURE 2. Conceptual design of a customer support system consists of
self-service and assisted service phases.

This section reviews opportunities for data-driven tech-
nology infusion in a generic multichannel customer support
system process depicted in Fig. 2. The self-service phase
includes customer support requests within a selected con-
tact channel where customers attempt to resolve their query
through automated means. If unsuccessful, the customer can
opt to request customer service representative (CSR) assis-
tance, seek another communication channel, or abandon the
system. Contact distribution combines routing and queuing
activities to connect and match customers to CSR agents with
the right skills [28]. The system accounts for intraagent trans-
fers, and customers either abandon the system while waiting
in queue or after receiving assistance.

A. SELF-SERVICE PHASE
Companies constantly adapt to new trends and customer de-
mands. In particular, smartphones created a new opportunity
to connect and relate to customers by expanding the use of
self-service environments to lower operational costs while
also targeting higher customer satisfaction, retention, and loy-
alty [29]. Interactive voice response (IVR) allows customers
to interact over the phone without CSR assistance [30]. Web
platforms allow customers to track orders, review items, can-
cel unshipped items, and request returns or refunds [31].
Advanced text mining and natural language processing tech-
niques allows chatbots to digest customer data and provide
effective and personalized service [32], [33].

Shifting demand from higher-cost assisted channels to self-
service channels is a strategic decision to improve customer
experience and reduce operations costs [30]. Moazeni and
Andrade [15] showed that website use decreases the likeli-
hood insurance company customers will call back in the future
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compared to individuals who use the telephone. Therefore, in-
vesting in online platforms to offer functionalities previously
only available over the phone and encouraging customers to
use these channels could lead to a reduction in operating costs.

B. ASSISTED SERVICE PHASE
Customers who cannot solve queries in the self-service chan-
nel may request CSR assistance. Contact routing directs
customers to CSRs with the appropriate skillset and is an
essential step for effective and efficient service. An accurate
routing process limits transfers between agents to reduce time
in ineffective service, resulting in faster service and higher
customer satisfaction [34].

The mechanisms that match customers to agents combine
routing and queuing processes. First-in, first-out (FIFO) is a
simple queuing discipline; however, more complex service
systems with heterogeneous servers and customers often re-
quire rules to prioritize certain customers. Skill-based routing
allows specialized or cross-trained agents to handle customers
based on their type of query [17], [35]. Customers initially
allocated to an agent with a mismatched skillset can have
higher priority when transferred to another queue. Different
customer profiles may also require different priority levels.
Calling customers are impatient, so phone inquiries should
have higher priorities than email messages [36].

Call centers optimize routing mechanisms with dynamic
programming by incorporating agent and customer data to
improve performances [17]. Chan et al. [28] proposed a dy-
namic model for contact routing that combines the agent and
customer heterogeneity to match a type of call and a group
of agents. Mehrotra et al. [17] investigated dynamic routing
strategies to match call types with agent skills, subject to
their effectiveness for each call type. Finally, Ibrahim et al.
[37] incorporated agent and call type heterogeneity, and time-
dependent agent performance to model interdependent service
times.

C. DATA-DRIVEN CHANNEL ALLOCATION
Multisource information and data-driven methods can antici-
pate the reason, time, and channel by which customer queries
arrive at a customer support system, and allocate them to the
most appropriate channel [15], [38]. For instance, a web chan-
nel may be more suitable to solve standardized services [39]
while human agents tend to have a greater understanding and
resolution capacity for more complex inquiries. Therefore,
directing customers to various service channels based on pre-
dicted demand and channel performance can benefit service
quality and operational efficiency.

Data-driven technologies can leverage customer attributes
from recorded interactions to predict future interactions.
Jerath et al. [38] defineed a stochastic function of customer
information needs to model customer query frequency and
contact channel choice in multichannel customer support ser-
vices. The approach uses individual customer-level data on
claims and channel usage to predict demand for different con-
tact channels at aggregate and individual levels. Studies show

that multiple factors influence the adoption and use of various
channels including customer demographics, the type of infor-
mation structure available in each communication venue, and
the type of query [29], [40], [41]. Furthermore, Jerath et al.
[38] emphasized the potential use of more detailed data from
telephone conversation transcripts and usage patterns of other
channels to fully develop and estimate the model.

D. DATA-DRIVEN CONTACT ROUTING
Enhanced contact routing benefits from customer and query
classification using attributes gathered in the self-service
phase and from historical customer multichannel interaction
data. The high volume, variety, and speed at which data is gen-
erated and processed requires advanced analytics techniques
to improve real-time customer support service quality. Cus-
tomer routing and queuing can also be designed to use agent
profiles to determine the attributes that best match each cus-
tomer’s demographics and improve contact outcomes through
machine learning methods that aggregate different types and
levels of data. The result is a more flexible system that extends
traditional skills-based routing, allowing for more personal-
ized customer experience [42].

Studies on natural language processing (NLP) improve con-
tact routing processes based on unstructured data collected in
real-time during service delivery [43], [44], [45], [46]. NLP
techniques seek to make the call routing process more conve-
nient for customers using speech-enabled systems rather than
closed-menu systems. The challenge, therefore, is to under-
stand the query from the customer’s own description, rather
than using touch-tone or speech-enabled menus [16].

In addition to query type and training, contact center data
can also help pair customers and CSRs based on behavioral
profile similarity. Social homophily is the process by which
individuals form bonds based on shared characteristics [47].
Ali [48] proposed a contact routing model that used several
machine learning methods to maximize customer satisfaction
based on underlying customer and CSR demographics, psy-
chographics, and historical performance data.

E. RESEARCH OBJECTIVE
Companies can achieve a competitive advantage by imple-
menting data-driven technologies at different stages of the
customer service process. Transforming data from consumer
activities, agents, and operational processes into insights en-
able the development of systems with dynamic, adaptive
capabilities that create value in customer satisfaction or op-
erational efficiency [49].

However, when evaluating significant changes to the con-
tact center system design, historical data are no longer
available for new configurations, limiting a direct comparison
between the current and proposed models. In design problems,
decisions require analysis of what–if scenarios varying key
assumptions and constraints. Implementing changes in the
system, even on a small scale, to gather data and compute
the potential benefits can be costly and infeasible to replicate
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FIGURE 3. From a process-interaction worldview, the simulation model consists of activities that handle the generation, channel allocation, and routing
of customers through the self-service and assisted service phases of a multichannel customer support system.

many times [50]. Relying on synthetic data from simulation
models is ideally suited to describe real-life tradeoffs.

To address these concerns, this study develops a simulation-
based assessment of a multidimensional tradeoff between
operational management, system-level strategies, and cost
savings from reduced labor. Results can inform the relative
impact of alternative data-driven technologies and determine
what level of performance is required at the operational man-
agement level to achieve desired performance improvement at
the customer service system level.

III. SIMULATION MODEL DEVELOPMENT
Simulation provides an analysis method to investigate how
lower-level operational decisions (e.g., introduction of a new
data-driven technology) affect system-level performance such
as service level, answer time, and customer satisfaction.

This section models a customer support system to investi-
gate three data-driven technology infusion scenarios.

1) Offer an additional contact channel that provides self-
service query resolution options to customers.

2) Implement an allocation platform that guides customers
to the communication channel with highest contact res-
olution capacity.

3) Improve the routing mechanism to match customers
with the most appropriate CSR based on the agent skill
set and customer query type.

We define four customer support system configurations and
simulate the system-level effects from changes to operational

management by varying performance levels of the channel
allocation platform (2) and contact routing mechanism (3).

A. PROCESS-INTERACTION ACTIVITY DIAGRAM
The activity diagram in Fig. 3 describes the customer sup-
port service system as a discrete event simulation from a
process-interaction worldview with Run, Handle Customer,
CSR assistance activities. The gray boxes indicate the pro-
cesses influenced by the data-driven technologies of interest:
channel allocation platform, and contact routing mechanism.

The Run activity generates customer demands by creating
a new customer every inter-arrival time step with randomly
assigned query type, channel preference, and mean patience.

The Handle Customer activity processes self-service and
assisted service phases. During the self-service stage, a plat-
form allocates the customer to a channel. The customer checks
the channel availability (i.e., due to scheduled or unscheduled
maintenance) and attempts to resolve the query. The customer
either leaves the system if the query is solved or abandons
without requesting a CSR assistance.

The CSR assistance activity processes a customer request
for additional human-agent support. First, the contact routing
mechanism directs the customer to an agent who may or
may not have the skills to address the query due to imper-
fect classification. The customer requests CSR support and
waits in the corresponding queue if all agents are busy. If
the customer does not abandon the system while waiting, the
CSR provides the requested assistance and is released after the
service time elapses. If the customer was initially routed to the
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appropriate CSR, the customer leaves the system, otherwise
they are reclassified and transferred to new agent with the
appropriate skill set.

B. MODEL DETAILS AND ASSUMPTIONS
This section describes modeling details including key assump-
tions grouped into four major categories.

Individual customer: Customers arrive following a Poisson
process with rate λ and have one of two query types q ∈ {A,B}
sampled from a discrete uniform distribution. Customer pa-
tience (time until abandoning a call) follows an exponential
distribution with mean time θ , independently generated each
time they are put “on-hold.”

Contact channel: Customers have the option of two contact
channels, Telephone (T) and Web (W), directed by a channel
allocation platform. The random variable S ∼ Bernoulli(γ1)
determines whether the allocated channel c ∈ {T,W } is best
(S = 1) based on highest contact resolution probability ρc

and capability to solve query q. After allocation, the ran-
dom variable Y ∼ Bernoulli(ρc) denotes whether query was
successfully resolved (Y = 1) after a customer uses channel
c. The random variable X ∼ Bernoulli(�c) defines whether
an unresolved query in channel c leads to a CSR assis-
tance request (X = 1) or abandonment (X = 0). The time
customers spend in contact channel c is considered to be an
independent identically distributed (i.i.d.) exponential random
variable with rateμc. The random variable V ∼ Bernoulli(ψ )
determines whether the communication channel is available
(V = 1) at the time a customer seeks support. Finally, the
capacity of communication channels is assumed to be 10 000
customers.

Contact routing: The random variable Z ∼ Bernoulli(γ2)
defines whether the contact routing mechanism matches the
customer to an appropriate agent (Z = 1) where γ2 is referred
to as the contact routing accuracy probability. We assume the
automated contact routing platform has an adaptive capability
to allocate customers to the CSR queue and follows an FIFO
rule.

CSR assistance: We assume heterogeneous CSRs with no
cross-training and service time dependent on the agent skill set
and contact routing. The service time for customers matched
to an agent lacking the skill set to resolve their query follows
an exponential distribution with rate ω. This service duration
models the time required to transfer to another agent and is as-
sumed to be independent of query type. The service times for
agent with the appropriate skill set to solve query q follows an
exponential distribution with rate νq. Finally, all CSRs solve
customers queries with a fixed contact resolution probability
ϕ ∈ [0, 1].

Table 1 shows the complete list of model input parameters
and associated values further discussed in Section III-E.

C. SYSTEM PERFORMANCE METRICS
Contact centers use several metrics to assess operational per-
formance (e.g., see [51]). Besides controlling the customer
service system performance, metrics are also important for

TABLE 1. Simulation Model Input Parameters

operational planning, such as workforce scheduling based on
a target performance. Metrics serve as constraints imposed
on optimization to minimize the number of agents required
to meet the desired levels of service quality.

Our experiments seek to assess how the changes to the
system design impact the number of CSRs needed to meet
a determined service quality. Definition and measurement of
service quality is widely discussed in the service industry [14].
For simplicity, we use the service level (SL) to measure ser-
vice quality where SL is the percentage of customers that
wait less than a target duration to be served by a CSR. As
the workforce can represent up to 70% of the budget in call
centers [51], reducing the number of CSRs can result in a
significant reduction in the contact center’s operating cost.

Let ti denote the time that a customer i waits in queue to
be assigned to a CSR, where i = {1, 2, . . ., I} and I is the
total number of customers that requested assistance over a
given simulation time. Then, the percentage of customers with
waiting time below the given threshold level τ is denoted by
SL(τ ) and is equal to

SL(τ ) =
∑I

i=1 �(ti )

I
(1)

where �(t ) is an indicator function which returns 1 if t ≤ τ ,
i.e., the waiting time does not exceed the threshold τ , and
otherwise returns 0.

Let Gq be the subset of customers with query type q. The
percentage of customers with query type q assigned to a CSR
within the given response time threshold τ is given by

SLq(τ ) =
∑

i∈Gq
�(ti )

|Gq| ∀q ∈ {A,B}
(2)

where |Gq| is the number of customers in the subset Gq.
For given system performance requirements φ, φA, φB, we
can compute the minimum number of CSRs by solving the
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following integer linear optimization problem:

min
∑

q∈{A,B}
Nq

subject to SL(τ ) ≥ φ

SLq(τ ) ≥ φq ∀q ∈ {A,B}
Nq ≥ 0 ∀q ∈ {A,B}. (3)

Here, the decision variables NA and NB, indicate the number
of CSRs with skill sets to handle query types A and B, re-
spectively. This study sets φ = 80% and φA = φB = 75% for
overall and individual queue service level targets.

D. MODEL IMPLEMENTATION
The simulation model is implemented in Python 3.7 using
SimPy (v. 3.0.11), an open-source process-oriented discrete-
event simulation library [52], and the source code is available
on a GitHub repository.1

Four object-oriented classes based on the activity diagram
include: Customer, Channel, Agent, and Contact Center. The
first three define element attributes while the last configures
the simulation. The Customer class defines channel prefer-
ence, type of query, and patience for each individual. The
Channel class assigns the medium of contact, capacity, av-
erage service time, list of capabilities, contact resolution
probability, and channel availability. The Agent class defines
the CSR training type, average service time, contact resolution
probability, and number of agents. Both Channel and Agent
classes are defined as shared resources. Finally, the Contact
Center class conducts the simulation by generating demands
and executing the Handle Customer function that implements
the processes illustrated in the activity diagram.

E. MODEL VERIFICATION AND VALIDATION
Model verification compares simulation results to a steady-
state Erlang A model to confirm behavior under nominal
conditions. Verification tests vary the arrival rate λ, average
service time μ, number of servers N , and patience θ to gen-
erate results for 2000 min following a 1000 min warm-up to
satisfactorily compare the abandon rate, average time in the
system, and service level to those of Erlang A.

Validation evaluates whether the simulation model resem-
bles the real-world system of interest. Our simulation model
reflects key attributes of real customer support systems such
as multiple communication channels with distinct capabili-
ties, capacity, and efficiency, heterogeneous customers and
agents, and multiple contact types. Literature emphasizes het-
erogeneous customers and agents, multiple query types, and
a multichannel environment to connect analysis conclusions
to managerial recommendations [36], [38], [53]. Our model
relies on typical contact center requirements, assumptions
from related literature, and real data gathered from a major
U.S. insurance company (see [15] for details).

1[Online]. Available: github.com/rodrigocaporali/contact_center_simulation

TABLE 2. Experimental System Configurations

Contact center customer arrival rates vary depending on the
month of the year, day of the week, time of the day, and con-
tact channel type [19], [54], [55]. Although the arrival rate can
be as high as a 100 contacts per minute, we assume a constant
λ = 20 customers per minute to simulate a medium-to-large
size contact center operating in steady state while balancing
computational limitations.

Customer arrivals typically follow a Poisson process [56],
[57], [58], [59]. To determine the average patience time we
assume a rule-of-thumb of twice the average service time [53].
We account for heterogeneity in agent service rates and the
80% self-service contact resolution probabilities assumed are
in harmony with data from a U.S. bank explored in [60]. Fi-
nally, based on insurance company data, we assume customers
have an 80% probability to request assistance in nonresolved
interactions in self-service systems.

The target acceptable waiting time in a queue that defines
the service level is usually in the range of 20-30 s. For ex-
ample, [56], [57], [61] assume a 20 s threshold, while the
insurance company data (explored in [15] and [62]) contain
attributes that flag transactions answered within 30 s. Contact
centers often target service level of 80% [28], [56], [57], [61].
Therefore, the desired service quality level in our simulations
is set to be greater than 80% defined by a 30-s threshold.

IV. ASSESSMENT OF DATA-DRIVEN METHODS
A. EXPERIMENT DESIGN
Simulation runs investigate four customer service support
system configurations in Table 2 based on available commu-
nication channels and contact resolution capabilities.

Configuration 1 includes the single contact channel “Tele-
phone” and can handle two query types. Other configurations
add a new channel “Web,” which has a higher contact resolu-
tion capacity and is, therefore, more efficient. Configurations
2 and 3 consider two-channels with the Web channel intended
to solve only one query type. Configuration 4 assumes both
channels can solve both query types. We choose two channels
and two query types to represent the simplest model that
affords for such system design choices.

Experiments vary the channel allocation accuracy proba-
bility γ1 ∈ {0.5, 0.55, 0.6, . . . , 1.0} and the contact routing
accuracy probability γ2 ∈ {0.6, 0.65, 0.7, . . . , 1.0} indepen-
dently to assess their individual impact on the system. Varying
γ1 and γ2 creates a total of 66 different scenarios. For each
configuration and for each scenario (γ1, γ2), we perform 100
simulation runs for a period of 3000 min. For each run, the
first 1000 min are used as a warm-up period followed by 2000
min of data recording.
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FIGURE 4. Simulation results: Total number of customer service representatives necessary to maintain a 80% service level for distinct combinations of
channel allocation accuracy, contact routing accuracy, and system configurations.

B. SIMULATION RESULTS AND DISCUSSION
Fig. 4 summarizes the simulation results. The left and right
panels correspond to scenarios varying the channel allocation
accuracy and the contact routing accuracy, respectively. Lines
show the number of CSRs required to solve the staffing prob-
lem for each configuration in Table 2 per (3). Labels show the
relative percentage change in agents necessary to maintain the
target service level for each scenario.

Let �k be a set of all contextual parameters and input
performance metrics and system configuration k = {1, 2, 3, 4}
as described in Table 2. Assume N (γ1, γ2,�k ) is the total
number of CSRs to solve problem (3). Then, let

r1 = N (γ1, γ2 = 0.6,�k )

N (γ1 = 0.5, γ2 = 0.6,�k )
− 1 (4)

and

r2 = N (γ1 = 0.5, γ2,�k )

N (γ1 = 0.5, γ2 = 0.6,�k )
− 1 (5)

be the percent changes in the total number of CSRs shown,
respectively, on the left and on the right charts of Fig. 4.

Dashed lines I, II, III, and IV illustrate how simulation
results can guide operations manager decisions when con-
sidering adopting data-driven technologies in the customer
support system. Four hypothetical scenarios discuss recom-
mendations based on simulation results.

Scenario I aims to reduce operational costs by develop-
ing more efficient contact routing software with a Telephone

channel. Line I shows the effect of improving contact rout-
ing accuracy on the number of CSRs necessary to maintain
service quality, allowing a more clear financial trade between
nonrecurring software development and recurring operations
expenses. For example, an increase from 60% to 70% in rout-
ing accuracy allows a 8% reduction from 37 to 34 agents.

After deciding to develop data-driven technologies that
improve contact routing accuracy to 70%, scenario II seeks
opportunities to reduce labor to 27 CSRs. Enhancing contact
classification and routing optimization algorithms to match
customers to agents above 70% accuracy may be technically
complex and financially prohibitive. Therefore, investing in
additional channels becomes an attractive alternative. Line II
illustrates how the company can meet this target by devel-
oping Web channel capabilities while maintaining the same
contact routing performance.

Scenario III seeks to cut workforce costs by at least 20%
to retain only 29 of the original 37 CSRs. Line III shows four
alternatives to meet the goal.

1) Develop contact routing to reach 90% accuracy (un-
likely due to intrinsic complexity, e.g., customer inputs
using closed-menu and speech-enabled systems, chat-
bots, and query classification mechanisms).

2) Develop contact routing to reach 82.5% accuracy and
add a Web channel capable of solving type A queries.

3) Develop contact routing to reach 70% accuracy and add
a Web channel capable of solving type B queries.

4) Develop a Web channel capable of solving both types of
queries.
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Finally, scenario IV analyzes how to achieve a 27% work-
force reduction (10 CSRs) by enhancing contact routing
accuracy, adding new channels, or adopting data-driven tech-
nologies to match customers to the most efficient channel.
Line IV guide shows the following six alternative decisions.

1) Develop contact routing to reach 100% accuracy (un-
likely due to intrinsic complexity).

2) Develop contact routing to reach 90% accuracy and add
a Web channel capable of solving type A queries.

3) Develop contact routing to reach 80% accuracy and add
a Web channel capable of solving type B queries.

4) Develop contact routing to reach 70% accuracy and add
a Web channel capable of solving both types of queries.

5) Develop channel allocation to reach 85% accuracy and
add a Web channel capable of solving type B queries.

6) Develop channel allocation to reach 60% accuracy and
add a Web channel that can solve both types of queries.

Results show the addition of a Web channel leads to con-
siderable staffing cost reduction, even without modifying the
channel allocation and contact routing accuracy. Apart from
the scenario considering both Telephone and Web channels
capable of solving both query types, improvements in contact
routing accuracy leads to larger cost reduction compared to
the channel allocation accuracy. The combination of adding a
new channel and improvements to customer-channel alloca-
tion or contact routing boosts its benefits.

Staffing reductions present distinct patterns depending on
the system design and Web channel configuration. Although
there is a mostly linear relationship between accuracy and
number of agents, the rate at which the costs decrease is
different for each scenario because the mean service time for
query B is twice as long as query A. The combination of
both contact channels with full contact resolution capabilities
is about twice as effective than having the Web channel with
features to solve only the query type B, and more than three
times compared to only having the ability to solve query
type A. Results also show discrete changes, as the workforce
optimization only allows integer values. Since the impact of
higher channel allocation accuracy on the number of agents is
relatively low, despite an increase in idleness, the number of
agents only reduces when all constraints are satisfied.

C. IMPLICATIONS FOR OPERATIONS MANAGEMENT
Fig. 4 enables a multidimensional tradeoff analysis between
operational and strategic issues, by allowing more clear com-
parison of recurring cost savings to nonrecurring development
costs. While this is a notional case not intended to represent
a real company, it demonstrates a simulation-based methodol-
ogy to assess the tradeoffs of data-driven methods in customer
service support systems for operations management. Open
source libraries such as SimPy allow development of complex
systems models and simulation experiments. The result is a
powerful tool to support decision-making in operations sys-
tems due to its convenience to accommodate and test changes
to operational processes.

Changes to contextual parameters such as arrival rate
or service duration have a limited impact on the insights
gained from our simulation experiments. A higher volume of
customers joining the modeled system requires more com-
putational resources to execute similar analyses or results
in a larger number of agents to handle the extra workload.
However, it does not change the dynamic of cost reduction
observed from changing characteristics of the system design.
In contrast, factors that would bring our model closer to re-
ality, such as a greater variety of queries, agents with more
complex training types, and how contact channels accommo-
date solutions to different query types, have the potential to
transform the system behavior.

Although recommendations suggest significant reductions
in operating costs from developing new technology, it is
important to highlight the limitations based on model assump-
tions. First, our analysis was performed under steady-state
conditions and assuming a single mean arrival rate. Workforce
planning in contact centers is typically optimized for periods
of one hour, half an hour, or even 15 min. Contact volume
experiences high volatility throughout the day, which requires
a dynamic workforce scheduling to achieve optimal operating
costs. Therefore, more detailed models should incorporate
mechanisms to account for regular variation to allow a more
realistic assessment of the advantages of adopting the afore-
mentioned design strategies.

Three other important factors to consider when extending
our model to real-world applications include: accounting for
greater diversity of customers types with different priority
levels; allowing customers to have more than one query in the
same contact; and introducing outbound interactions. In our
experiments, we restricted customer types to only two, given
their communication channel preferences, and no priority was
imposed, although the model is structured and prepared for
it. In reality, there may be multiple instances of customer
classification and service priorities. Second, our simulation
assumes consumers have only one query per interaction. It
would be interesting to incorporate the possibility of cus-
tomers having more than one problem which could interfere
with the intraagent transfer dynamics and, consequently, the
contact distribution mechanisms. Finally, our model replicates
an inbound customer support system but many contact centers
also make outbound communications. Agents often follow up
on previous inbound contacts, act proactively, or perform tele-
marketing activities. This could change the system processes,
impact CSR utilization rates and skill sets, and workforce
planning.

V. CONCLUSION
Data-driven technology is changing businesses models, pro-
cesses, operations, product development, and the dynamics
between customers and organizations. Companies spend mil-
lions to develop technologies that generate significant finan-
cial returns, either as savings or additional revenues. The
search to adopt digital technologies that leverage data to
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support better business decisions has become a necessity for
companies to remain competitive in their fields.

In customer services, technology has made it possible
to expand customer communication channels beyond the
telephone. Call centers became contact centers by offering
multiple service channels such as mobile, social networks,
email, SMS, chat. Contact centers are the direct reflection of
the digital transformation and the new type of consumer it
has created. Customer support services incorporate AI, ma-
chine learning, and Big Data analytics techniques to provide
a cohesive and fluid user experience throughout the customer
journey across all points of contact with the company.

This article contributes a simulation-based approach to
analyze how the infusion of data-driven technologies into
customer service operational processes impact system-level
performance to better inform targeted investments in digital
technology. The main contribution draws on the synthesized
approach to evaluate impacts, at the system level, of lower-
level system design strategies to adopt digital technologies.
From a systems perspective, we compare the benefits of
implementing different technologies on an equal footing. Sim-
ulation experiments assess the tradeoffs between investing in
a more efficient communication channel and enhanced cus-
tomer classification mechanisms and potential cost savings
from reduced workforce levels in a multichannel customer
support system. We implemented the simulation model using
SimPy Python 3.7. The source code is available in an online
repository for public use and future research.

Our model allows different types of customers with multi-
ple query types, distinct individual priorities and preferences.
The model can be adapted to incorporate additional con-
tact channels, each with specific characteristics. Examples
of configuration attributes include the channel capacity and
availability, service time based on customer or request type,
contact resolution efficiency, and the set of self-service fea-
tures offered. The model also allows changing factors that
interfere with the contact routing process by altering the
contact routing accuracy. Finally, it is possible to define the
characteristics of the CSRs such as different skill sets, average
service time (e.g., with the problem or customer type distinc-
tion), as well as problem-solving probability.
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