
Original Research Article

International Journal of Engineering
Business Management

Volume 17: 1–14
© The Author(s) 2025
Article reuse guidelines:

sagepub.com/journals-permissions
DOI: 10.1177/18479790251367821

journals.sagepub.com/home/enb

Forecasting financial services of a call
center’s inbound volumes: A case study

Ahm Shamsuzzoha1,2, Joonas Viitanen1, Sujan Piya3,
Mohammad Khadem3 and Mohammad Shamsuzzaman3

Abstract
The objective of this study is to build a predictive model for the call center of a financial services company using predictive
analytics methods. Using this model, the organization would be able to transition from a reactive approach to operational
resource allocation to a more proactive one in handling inbound calls. This study uses a quantitative methodology, as it
provides a structured, objective, and rigorous framework essential for developing, testing, and validating forecasting models.
Quantitative methods’ reliance on numerical data and statistical techniques ensures accuracy, reliability, and the ability to
generalize findings. This study contributes valuable insights into the application of time series forecasting models in op-
timizing resource allocation and enhancing service quality within the call centres, particularly within the financial services
industry. By addressing the identified research gap and providing practical recommendations, this research offers an addition
to further advancements in call center forecasting methodologies, facilitating more efficient and effective operations within
financial organizations.
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Introduction

A call centre could serve as the company’s online persona,
and as technology and digitization have advanced, it has
become an essential service for communicating with both
current and potential clients.1–3 These days, one of the most
crucial channels of communication between businesses and
their clients is the call centre. Inbound call centres, in which
clients place calls and call centre representatives answer
them, are the most prevalent type of call centres.4,5 It is
evident that more and more businesses are setting up their
own call centres to give their clients the finest available
information and services. Customers save a great deal of
time when call centres are used well, and businesses operate
much more efficiently.6,7

As the world becomes more and more reliant on data, it is
increasingly important to utilize the collected data to im-
prove a company’s operations, and call centers are not an

exception. One essential use for this data is the ability to
predict future activity so that the company will be able to
maximize efficiency in resource planning and increase
customer satisfaction. In fact, being able to accurately
forecast call center activity is one of the most important steps
in improving a call center’s operations7,8 By projecting the
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actual number of incoming calls, a business can improve
service requirements, fulfill customer satisfaction, and an-
ticipate adequate staffing and scheduling levels.7,9 A tele-
phone call centre’s staffing algorithm depends on an
accurate estimate of client demand. The available pool of
agents must be scheduled and rescheduled according to
revised projections, which are usually generated weeks or
months in advance.8–10

As a result, a comprehensive body of knowledge has
accumulated different forecasting methods used in call
centers1,11–13 and for forecasting time series data in
general.14–19 The benefits of having an appropriate fore-
casting of call center are numerous. In addition to improved
resource allocation, staffing, and customer experience,20,21 a
volume forecast also provides the company and call center
management with tools for service level optimization and
possibly better cost management, as they can avoid over and
understaffing which often lead to reactionary decisions and
therefore to extra costs.20,22

Based on the importance of forecasting call centers and
study gaps to find out suitable forecasting methods, this
study aims to find out a forecasting method for a forecasting
model for the call center of a financial services company
using predictive analytical method. Using the proposed
model, the organization would be able to transition from a
reactive approach of operational resource allocation to a
more proactive one in handling inbound calls. The case
company is an international financial services provider. The
company has more than five thousand employees and over
five billion euros in revenue with a strong presence in the
Nordics. It provides a comprehensive range of financial
services, including retail banking, corporate banking, in-
vestment banking, asset financing, and wealth management.
The organization serves various customer categories,
ranging from individuals and small businesses to large
corporations and institutional clients. The study focuses on
the call center of one specific product area inside the
company. The product area in question, asset finance, deals
with leasing and hire purchase products for both corporate
and private customers in Finland.

In the current situation, the company collects data on call
center activities. However, the data is utilized only in vi-
sualizing historical and current workloads, with no method
of forecasting into the future. Due to the availability of data
on both the calls received as well as some factors that the
company hypothesizes, it is possible to create a model to
forecast the call center volume. These factors are the number
of financed agreements, and number of inbound credit
applications, as both are indicative of new business and
therefore potentially new customer contacts. This results in a
fillable research gap where necessary data exists and is
collected but is not used for predictive purposes due to lack
of a process. This study aims to formulate a prediction
process and allow the organization to move from a reactive
operations resource management strategy to a proactive one.

The main objective therefore is to be able to present
company management with a decision support tool for
operational resource planning.

The model is built using predictive analytics, which is a
broad category of data analysis techniques ranging from
time series analysis to machine learning, artificial intelli-
gence, and pattern recognition, in which the model itself
determines the key factors, such as variable weights and
coefficients, as opposed to the model user’s assumptions and
inputs.23 With the capability of predicting the call center
volume, the company can decide ahead to allocate their
resources effectively. With the main objective of presenting
company management with a decision support tool for
operational resource planning, this research intends to ad-
dress the following research questions (RQs).

RQ 1: What are the suitable models that should be tested
in an organization with no existing forecasting capa-
bilities in their call center operations?

RQ2: What is the most suitable model for building a call
center volume forecast, specifically in the case company?

RQ3: Do new financed agreement volumes or inbound
credit application volumes predict call center volumes
sufficiently to be used in the forecast?

To address the above research questions, this study built
upon predictive analytics, which is a broad category of data
analysis techniques ranging from time series analysis to
machine learning, artificial intelligence, and pattern rec-
ognition, in which the model itself determines the key
factors, such as variable weights and coefficients, as op-
posed to the model user’s assumptions and inputs.23

The structure of the paper is organized as follows:
Section 2 illustrates a brief overview of the studied case
company and its needs. Section 3 presents a literature review
covering call center operations, predictive analytics and
forecasting methods including time series analysis, neural
networks, linear regression, and ensemble methods and call
center demand forecasting. Section 4 outlines the study
methodology that contains data collection, data preparation
and analysis tools, model selection and data collection and
analysis. The study results are presented in Section 5, while
Section 6 explores the study discussions based on the study
outcomes. Both the theoretical and practical implications as
well as study limitations and future study directions are also
outlined in Section 6. Finally, the study is concluded in
section 7.

Description of the case company

The case company is an international financial services
provider. The company has 5000+ employees and over five
billion euros in revenue with a strong presence in the
Nordics. It provides a comprehensive range of financial
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services, including retail banking, corporate banking, in-
vestment banking, asset financing, and wealth management.
The organization serves various customer categories,
ranging from individuals and small businesses to large
corporations and institutional clients.

This study focuses on the call center of one specific
product area inside the company. The product area in
question, asset finance, deals with leasing and hire purchase
products for both corporate and private customers in Fin-
land. Due to the nature of the financial services industry, it
has been requested by the case company that specific call,
agreement, and application volume figures are not disclosed
in this study, but instead their values normalized on a 0-
1 scale where such figures are presented, 1 being the highest
value of the data and 0 the lowest.

Literature review

The past literature into call centers especially highlights how
the problems call centers face are in part is still the same as in
the past,10,22,24 namely, how to predict volumes for efficient
resource management and planning. Different types of call
center inbound volumes and the factors that influence them
are also presented as well as their importance to companies’
value creation. In terms of predictive analytics and time
series analysis, different methods and best practices are
reviewed1,17,23,25 and various practical examples are pre-
sented from different fields where these methods have been
used to make forecasts in the call center context12,13,26–28 as
well as other fields.29–34

Several models can be tested in organizations without
existing forecasting capabilities for call center operations.
These include traditional time series models like Holt-
Winter’s, ARIMA, and SARIMA, as well as AI-based
approaches such as Neural Prophet and Random
Forest.1,35 Parametric forecasts using Gaussian quadrature
can be employed in stochastic programming models to
optimize workforce scheduling.36 For intra-daily call ar-
rivals forecasting, machine learning methods, particularly
Random Forest, have shown superior prediction perfor-
mance.35 Additionally, queueing models like Erlang C (M/
M/N) and Erlang A (M/M/N+M) can be evaluated for staff
optimization, with Erlang A providing more accurate pre-
dictions when call abandonment is considered (Nag and
Helal, 2017).37 These models can help organizations en-
hance staffing accuracy based on call arrival patterns,
handling times, and seasonality.

Accurate forecasting of call center volumes is a cor-
nerstone of efficient workforce management and resource
allocation. The ability to predict call volumes ensures that
organizations can maintain service levels, reduce opera-
tional costs, and improve customer satisfaction.38 A variety
of forecasting models have been studied and applied to
address this challenge, ranging from classical statistical
methods to advanced machine learning approaches, each

suited to different contexts and requirements. Autore-
gressive (AR) and Autoregressive Moving Average
(ARMA) models have been widely explored for their ability
to handle dynamic forecasting scenarios. These models
excel in capturing the temporal dependencies inherent in call
volume data, making them effective for short-term fore-
casts.38 However, their performance can be limited when
dealing with complex seasonal patterns or irregular trends.

For out-of-hours call centers, regression models that
integrate calendar effects have proven particularly useful.
These models account for variations in call volumes driven
by factors such as holidays, weekends, and special events.
By incorporating these calendar-driven variables, they
provide more precise predictions of daily call volumes and
arrival patterns, addressing the unique challenges of non-
standard operating hours.39 In multi-skill call centers, where
agents possess diverse skill sets to handle different types of
calls, forecasting becomes even more complex. ARIMA
models have been proposed as robust tools for mid- and
long-term forecasting in such environments.40 When
combined with Erlang models, ARIMA-based forecasts can
inform strategic workforce planning, ensuring the right
number of agents are available to meet service demand
across multiple skill groups.40 These integrations help
balance operational efficiency with customer satisfaction.

Electricity utility call centers often experience strong
seasonal fluctuations due to weather-related demand vari-
ations. Studies have shown that both ARIMA and Seasonal
ARIMA (SARIMA) models are effective in this domain,
with SARIMA models offering a clear advantage in han-
dling seasonal patterns. By incorporating seasonal com-
ponents, SARIMA models enhance the accuracy of long-
term forecasts, making them a preferred choice for call
centers that operate in industries with pronounced
seasonality.6,41 These findings underscore the importance of
tailoring forecasting approaches to the specific character-
istics of the call center environment. Key factors such as
seasonality, calendar effects, and service-specific patterns
must be carefully considered to select and implement the
most appropriate forecasting model. By aligning forecasting
strategies with operational goals, organizations can optimize
resource allocation, reduce costs, and deliver consistent
service quality.

Call center volume forecasting is a vital aspect of effi-
cient resource allocation and customer service optimization
across various industries.2,7 Accurate forecasts enable or-
ganizations to balance workforce management, reduce
operational costs, and ensure seamless customer experience.
Among the many forecasting approaches, time series
analysis techniques have been particularly prominent.
Seasonal AutoRegressive Integrated Moving Average
(SARIMA) models, for instance, have demonstrated ex-
ceptional performance in predicting inbound call volumes
for electricity utility call centers, effectively accounting for
seasonal fluctuations and long-term trends.41 This makes
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SARIMA a preferred choice for industries with pronounced
seasonal demand patterns, such as utilities. In scenarios
where real-world data is scarce or incomplete, simulation
techniques have emerged as valuable tools. These methods
generate synthetic data that can be used to evaluate and
refine forecasting algorithms. For example, Steinmann and
Freitas Filho42 demonstrated the utility of simulations in
testing and improving the accuracy of forecasting models,
particularly in environments where historical data is either
unavailable or insufficient for robust model development.
Machine learning techniques have also gained traction in
call center operations, particularly in optimizing costs and
enhancing decision-making.38,43 Classification algorithms
like AdaBoost, Gradient Boosting, and Random Forest have
been successfully applied in banking call centers to predict
customer behavior. Specifically, these methods have been
used to identify customers who are more likely to accept
credit offers, enabling targeted outreach. By focusing efforts
on customers with a higher probability of agreement, or-
ganizations can significantly reduce expenses associated
with blanket marketing while simultaneously increasing
profitability.44 Despite the growing application of advanced
forecasting methods, there remains untapped potential in
integrating broader predictive variables, such as new fi-
nanced agreement volumes or inbound credit application
volumes, into call center forecasting models. Although the
reviewed studies do not directly address these variables,
they underscore the importance of leveraging data-driven
approaches to enhance forecasting accuracy and optimize
operations.

By incorporating these additional predictors, future research
could unlock new opportunities for improving call center
efficiency, customer targeting, and resource allocation. These
advancements highlight the critical role of sophisticated
forecasting models and data analytics in modern call center
management. The integration of time series analysis, simu-
lation techniques, and machine learning not only enhances
predictive accuracy but also provides actionable insights for
strategic decision-making. This multifaceted approach ensures
that call centers remain agile and effective in meeting the
dynamic demands of their respective industries.

Call center operations

Customer service is an essential part of every company’s
operation and even more so for companies providing ser-
vices in a more complex and digital environment. A ded-
icated call center is therefore a necessity for most companies
serving many customers and companies working in the
financial services industry are definitely not an exception.
According to past literature, call centers are still struggling
with the same problems now as when they were established
in the beginning of the 20th century.22 Namely, the problem
of resourcing, or how to know when demand for call center
personnel is at its highest to be able to meet demand without

over-resourcing when demand is lower. While technology
and self-service channels have improved to a point where
easy to solve issues can be handled in some cases by the
customer themselves, there is no less need for efficient call
center processes, as the issues handled by agents are now
often more complicated and the impact on a company’s
reputation and customer satisfaction is as high as ever.

A smooth and efficient call center can even bring stra-
tegic value to an organization by increasing loyalty through
customer satisfaction.26 This is especially important in the
financial services industry, where products are often close to
identical due to regulations, so brand image and customer
experience play a significant part in attracting and retaining
customers. According to the International Customer Man-
agement Institute, call center management is even defined as
“the art of having the right number of properly skilled people
and supporting resources in place at the right times to handle
an accurately forecasted workload, at service level and with
quality.”.22 Therefore, it can be derived that forecasting call
center workloads is one of the most essential functions in
customer center operations. While in previous decades
getting access to historical call center data was a sought-after
way of maximizing customer service efficiency and finding
patterns in caller behavior,24 with organizations’ current
data capabilities forecasting is the logical next step.

From a forecasting perspective the most significant is the
first one, workload arrival. Cleveland22 categorizes arrivals
into three types: random, smooth, and peaked. Effectively
these categories try to explain the trend in customer contacts,
random meaning essentially that the one customer contact is
not correlated with the likelihood of the next one. Smooth on
the other hand exhibits a clear trend over time but is usually
more associated with outbound calls according to Cleve-
land, as opposed to inbound calls. Finally, peak arrival
describes a situation where the contacts surge around a
specific peak time, whether that be on a certain weekday,
hour inside a day, or other short period of time. When it
comes to forecasting call center contacts with quantitative
methods, Cleveland identifies two different routes. Either
explanatory forecasting, for example using regression or
multivariate methods, or time-series analysis which is found
sufficiently accurate for shorter term forecasts of up to
3 months forward.45 Explanatory methods are favored when
one is looking for correlations to external factors that might
influence call center volumes, such as a price increase.

Predictive analytics and forecasting

Predictive analytics is characterized by two things sepa-
rating it from other types of analytics. It is based on data, in
other words the user is relying on the characteristics of the
data itself instead of their own assumptions in creating the
model, and it is forward looking, as can be inferred from the
name. While models differ greatly in how they work in-
ternally, they all more or less follow an assumption that what
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happened in the past will continue to happen in the future.23

However, this does not mean that forecasts cannot be used in
a changing environment, and a correction could be made
that the forecaster assumes that the environment will keep
changing the same way.17 The process of building and
maintaining a predictive model also often follows the same
timeline, pictured below, where the model is calibrated
continuously after new data is available for use within the
analysis later.

According to Hyndman and Athanasopoulos17 in the
introduction to their book Forecasting: Principles and
Practice, humankind has sought to predict the future in one
form or another since ancient Babylon. He defines fore-
casting as “predicting the future as accurately as possible,
given all of the information available, including historical
data and knowledge of any future events that might impact
the forecasts”.17 When deciding to create a quantitative
forecast, numerical data of the past must be collected and
available, and there must be an assumption that patterns
found in the data will continue in the future. If these con-
ditions are satisfied, a preliminary data analysis should be
conducted where the data is graphed, and some trends or
features might be visible and help in choosing the models to
test. The next step is deciding which models to try in finding
the best possible forecast.

One of themost severe challenges in building a forecasting
model is avoiding overfitting the data by building amodel that
is too sophisticated right out of the gate, since the error of
overfitting is most likely only noticed after the model has
already been deployed and in use.23 Overfitting means the
model includes more complexity than is needed, either by
including too many terms compared to the need or too much
flexibility, for example by using a neural net to model a linear
relationship that would be better served by a regression
model. These issues can lead to inaccurate predictions, as
irrelevant predictors create unneeded variation and make the
model less verifiable by others due to the complexity.46

Call center demand forecasting

Very little academic literature seems to exist on financial
services operations forecasting,47 most likely due to the
differences in characteristics of various processes. The field of
call center forecasting can be considered quite new, since until
the 2000s the amount of research was very limited. One
possible reason being that while call centers in theory generate
several data points for each call, such as the caller info, call
length etc., these have not always been recorded to a database
due to cost of storage and system capabilitiesClick or tap here
to enter text.36 Forecasting has been identified as one of the
most important operational issues in call center manage-
ment,20 with a role still growing in importance in the future.

Adopting a rigorous process for creating demand forecasts
can be a major first step in call center capacity and planning
improvements, especially in an operation without any

previous forecasting process in place. Saccani28 divides call
center capacity planning into shorter term forecasts that are
concerned with capacity planning in the next few hours, or
even shorter time frames, and he calls these queuing methods.
The implementation of the model in the organization can also
be more crucial than the sophistication of the model itself,
since it has been found that simple forecasting techniques can
perform as well as those that are more complex, especially for
longer forecasting periods.48 This is supported by some of the
actual results of call center demand forecasting studies, where
rather common time series forecasting methods such as Holt-
Winters,1,26 and ARIMA11,26 models were the best per-
forming out of those chosen by the authors, especially in the
short term. Some research has been done into more complex
models such as stochastic programming and recourse36 or
models that are called center specific such as Erlang C.12

However, the majority seem to favor the more common suite
of time series forecasting methods.13

Based on a literature survey on call center analysis methods
used to create forecasts, the ARIMA and exponential
smoothing methods were the most favored by researchers. The
“time-series” column in the table refers to Autoregressive
Integrated Moving Average (ARIMA) and exponential
smoothing methods. Another popular forecasting method
developed by multiple authors is the linear fixed effects
method, which aims at modeling the arrival rates of calls based
on Poisson distribution. The method is especially popular for
interday and intraday forecasts, while for longer time periods
time-series methods were favored.48 In general, the attention
towards more complex models in call center forecasting have
been reserved for daily and intra-daily forecasts, instead of
more aggregated weekly or monthly forecasts.28 Another
popular forecasting method has been utilizing artificial neural
networks, which has shown mixed results according to Bar-
row26 and is also focused primarily on intraday forecasts.

The “time-series” column refers to ARIMA and expo-
nential smoothing methods. In the literature survey, another
very popular forecasting method, developed by multiple
authors in succession, was the linear fixed effects method,
which aims at modeling the arrival rates of calls based on a
Poisson distribution. These are especially popular for in-
terday and intraday forecasts, while for longer time periods
time-series methods were favored.48 In general, it seems that
attention towards more complex models in call center
forecasting have been reserved for daily and intra-daily
forecasts, instead of more aggregated weekly or monthly
forecasts.28 Another popular forecasting method has been
utilizing artificial neural networks, which has shown mixed
results according to the literature reviewed by Barrow,26 and
is also focused primarily on intraday forecasts.

Research methodology

The methodology section is divided into three parts and
includes an introduction to the data used in the analysis, the
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tools used for data manipulation and forecasting, as well as
the decision on what forecasting models are being
compared.

Data selection

The case company collects data from their contact center
services platform into a relational SQL (structured query
language) database. This call center data, a normalized
sample of which can be found in the appendix, is used as the
basis of the study. Additionally, the call center volume data
is tested alongside two different external variables that the
author hypothesizes could influence the changing volumes.
These are incoming credit applications and started financing
agreements, as it is worth investigating whether new
agreement volumes also drive customer service activity. The
data for the above variables can be found in another SQL
database connected to the company’s Enterprise Resource
Planning system which records agreement and credit
application data.

Due to organizational data retention rules, the dataset
history is limited to 166 weeks of data, of which the full
scope is used to train and test the models. The data used
starts on 18.1.2021 and ends with the week starting
18.3.2024. With special permission, it would be possible to
attain a longer period of data, but only for a point-in-time
analysis, instead of a continuous process where the forecast
is updated weekly. For that reason, the data used will only
cover what is within data retention rules in the company’s
structured data mart. To be able to have enough observa-
tions, the forecasted time period should be either weeks or
days, as months would provide less than 50 observations.
The needs of the forecast model from the organization are
focused on allocating resources for the next weeks as well as
allowing for a ramp-up of personnel ahead of time, so daily
or hourly forecasts are not crucial. For these reasons, the
data for model development constitutes just over 3 years
(166 weeks) of historical data and observation frequency is
aggregated to a weekly level to be able to provide weekly
forecasts.

Data preparation and analysis tools

The analysis tool used both for creating the forecast as well
as data wrangling is Alteryx Designer, an analysis software
application for Windows, used as the main analysis tool in
the case company. There are two main reasons for this tool is
selected. As the forecast creation process is not designed to
be a one-off, but a continuous weekly forecast, the tool to
run it should be one that has a wider user base in the
company and that is approved by the company’s IT de-
partment for use in business processes. The second reason is
that the tool has an intuitive user interface and can handle
both the data preparation and running of different predictive
models with very little coding knowledge needed, which

makes the forecast easier to maintain in the future. The
Alteryx Designer time series tools are built on top of the
programming language R; a language specifically designed
for statistical computing15 often used in time series and other
statistical analyses.

The same logic applies for the choice of forecast pre-
sentation, which is done with the Tableau business intelli-
gence and analytics software. As Tableau is the primary
business intelligence tool in the case company, the forecast
report published to the contact center personnel is built with
Tableau. The call center data warehouse includes data from all
group companies and different departments. Therefore, the
first step is to filter the data so that only the relevant data is left
by identifying specific customer service “queues” that are part
of the department under study. This data is then enriched by
joining credit application volumes as well as financed
agreement volumes and finally with temporal dimensions,
most importantly the year and the week, to be able to have a
variable for aggregating to weekly sums. The data is then split
into a training and testing set. The most recent 33 (20%)
observations of the data act as the testing set and the first 133
(80%) as the training set. In date terms this means that data
after the week starting 31 July 2023 is included in the testing
set while everything up to and including the week starting
31 July 2023 comprises the training set.

Model selection: ARIMA model

In this study, time-series analysis methods, more specifically
ARIMA and exponential smoothing models, were chosen to
be compared for model selection. This is due to several
factors. Intraday sample cast is on a weekly level and, ac-
cording to numerous studies, a limited dataset, as opposed to
hundreds or thousands of datapoints in an intraday sample,
does not often see benefits frommore complexmodels such as
neural nets or ensemble models.14,19,28, Second, the fore-
casting process inside the company needs to be simple enough
to be maintained also in the future. A less complex forecast
has been shown to be a good starting point since small
prospective gains in model performance might not be worth
risking the interpretability and ease of maintenance of a
forecast model, since the most important thing is that the
model is used and implemented in the first place.22,28

ARIMA model is a popular time-series forecasting
method used in various fields, including finance, economics,
and engineering.49 The ARIMA models a time series as a
combination of its past values and random error terms. The
model consists of three components: autoregression (AR),
differencing (I), and moving average (MA). The AR
component models the dependence between the current
observation and its past values, the I component is used to
make the time series stationary, and the MA component
models the error term. The order of the ARIMA model is
specified as (p, d, q), where p is the order of the AR
component, d is the degree of differencing, and q is the order

6 International Journal of Engineering Business Management



of the MA component. It is also possible to consider co-
variates outside the past forecast value data points in what is
often called ARIMAX (ARIMAwith exogenous variables).

The model is defined as follows:

Y t ¼ cþ φ1Y ft� 1g þ :::þ φpY ft� pg
þ θ1e ft� 1g þ :::þ θ qe ft� qg þ X tβþ e t

(1)

where,
Y_t is the value of the time series at time t.
c is a constant term.
φ1, …, φp are the autoregressive coefficients.
Y_{t-1}, …, Y_{t-p} are the lagged values of the time

series.
θ1, …, θ_q are the moving average coefficients.
e_{t-1}, …, e_{t-q} are the lagged errors.
X_t represents the exogenous variables at time t.
β represents the coefficients of the exogenous variables.
e_t is the error term.
In conclusion, ARIMA and ARIMAX models are popular

and effective time-series forecasting techniques that have been
widely used in various fields. ARIMAX models are particu-
larly useful when external factors need to be considered in the
forecasting process. In this study, ARIMA and exponential
smoothing models were chosen to be compared for model
selection in the case company. This is due to several reasons.
First, the needed forecast is on a weekly level and, according to
numerous studies, a limited dataset, as opposed to hundreds or
thousands of datapoints in an intraday sample, does not often
see benefits from more complex models such as neural nets or
ensemblemodels.14,19Moreover, the forecasting process inside
the company needs to be simple enough to bemaintained in the
future. A less complex forecast has been shown to be a good
starting point since small prospective gains in model perfor-
mance might not be worth risking the interpretability and ease
of maintenance of a forecast model.22 The ARIMA model is
tested both with and without external variables, agreement
volume and application volume. Therefore, four different
models are being compared to find the best fit for the case
company. These are an exponential smoothing model (ETS),
an ARIMA model, and two ARIMAX models one using
number of financed agreements as the explanatory variable,
while the other using number of credit applications.

Data collection and analysis

The case company collects data from their contact center
services platform into a relationally structured query language
(SQL) database. The call center data, a normalized sample of
which can be found in the appendix, is used as the basis of the
study. Additionally, the call center volume data is tested
alongside two different external variables that the author
hypothesizes could influence the changing volumes. These

are incoming credit applications and started financing
agreements, as it is worth investigating whether new agree-
ment volumes also drive customer service activity. The data
for the above variables can be found in another SQL database
connected to the company’s Enterprise Resource Planning
system which records agreement and credit application data.

The call center data warehouse includes data from all groups
of companies and different departments. Therefore, the first step
is to filter the data so that only the relevant data is left by
identifying specific customer service “queues” that are part of
the department under study. This data is then enriched by
joining credit application volumes as well as financed agree-
ment volumes and finally with temporal dimensions. Due to
organizational data retention rules, the dataset history is limited
to 166weeks of data, of which the full scope is used to train and
test themodels. The data used starts on 18.1.2021 and endswith
the week starting 18.3.2024. The needs of the forecast model
from the organization are focused on allocating resources for the
next weeks as well as allowing for a ramp-up of personnel
ahead of time, so daily or hourly forecasts are not crucial. For
these reasons, the data for model development constitutes just
over 3 years (166 weeks) of historical data and observation
frequency is aggregated to a weekly level to be able to provide
weekly forecasts. The data is then split into a training and testing
set. Themost recent 33 (20%) observations of the data act as the
testing set and the first 133 (80%) as the training set.

The analysis tool used both for creating forecasts as well as
data wrangling is Alteryx Designer, an analysis software
application for Windows. This tool has an intuitive user in-
terface and can handle both the data preparation and running
of different predictive models with very little coding
knowledge needed. TheAlteryx Designer time series tools are
built on top of the programming language R.15 The ARIMA
and exponential smoothing models have numerous parame-
ters that influence the accuracy of the forecast. The ordering
parameters of the autoregressive models were chosen with R
programming auto.arima function, which compares all
available combinations and selects the best one based on the
Hyndman-Khandakar algorithm.17 The algorithm selects the
best fitting model from a variety of options based on unit root
tests, corrected Akaike Information Criteria (AICc) values,
and maximum likelihood estimates. The smoothing param-
eters of the ETS model were likewise chosen with R pro-
gramming ets function, which selects the best parameters
using AICc values. By balancing model fit and complexity
more effectively than the original AIC, AICc is widely rec-
ommended for use in model selection to avoid overfitting.50

Results analysis

Exploratory data analysis

First, an exploratory data analysis should be conducted,
which includes the key summary statistics of the data under
study, such as the number of data points, their variability and
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number of variables, as well as visualizations that make it
easier to interpret the type of data being analyzed.23 Un-
derstanding the data on hand, and its characteristics is an
important part in selecting what models should be selected
for analyzing the data.51 Important characteristics to de-
termine include ordering, distances, and continuity as well
as aggregated statistics.52

As the study collected temporal data, it can be seen from
Figure 1 that the data at hand is an ordered set (ordered by
date) with 7 days, and discrete. A normalized sample of the
data can also be found in Appendix 1. In Table 1 we can see
aggregated statistics such as average, median, maximum, and
minimum values as well as standard deviation for each of the
three variables under study for all 166 observations. The
statistics have been normalized for easier comparison, so that
the maximum value of each variable is equal to 1 and the
others are presented as a fraction of that maximum (Figure 1).

From the aggregated statistics we can see that the variables
are all relatively stable. Average and median do not have
strong differences, signifying that the data population most
likely does not have significant outliers in either direction.
This is further supported by the minimum values, with a
roughly equal distance to the average as the maximum values.

Time series forecasting model comparison

The autocorrelation function (ACF), as well as the partial
ACF (PACF) for the aggregated calls data, the basis for the

ARIMA model, are plotted in Figure 2. The ACF and PACF
can be used in determining the orders of the AR and MA
components to be used, as they show the correlation be-
tween current and past values. The more specific parameters
and R functions for all compared models were made with a
Hyndman-Khandakar algorithm. As the plot is sinusoidal,
we can detect some level of seasonality. The ACF plot is also
developing towards zero, so we can determine that there is at
least some level of autocorrelation. Despite this, the best
fitting ARIMA model without external variables was an
ARIMA (0,1,1), which is very close to an exponential
smoothing model. This would suggest that the amounts of
autocorrelation are not significant enough to add value to the
model. The best fit suggests that the data shows a trend over
time, but observations are not heavily correlated with past
values, while the model residuals of the previous obser-
vations influence the current period.

Similarly, for the ARIMAX model with agreement
volumes, the best fitting parameters are again ARIMA
(0,1,1) suggesting similar characteristics to the ARIMA
model without external variables where the data exhibits
some trend over time, but observations are not very cor-
related. However, for application volume the best fitting
ARIMAX model was ARIMA (1,0,0). This means that the
model has one autoregressive term, but without differencing
or moving average component (i.e., first-order autore-
gressive model). The observations are therefore best pre-
dicted by a relatively strong correlation to the previous

Figure 1. Source data time-series line graph including call, credit application, and financed agreement volumes.

Table 1. Source data descriptive statistics, normalized values.

Variable Average Median Maximum Minimum Standard deviation Observations

Calls 0.685 0.657 1.000 0.428 0.138 166
Applications 0.600 0.627 1.000 0.289 0.148 166
Agreements 0.601 0.600 1.000 0.333 0.123 166
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value. The selected exponential smoothing model was an
ETS (A, N, N) model. Figure 3 presents the decomposition
components of the ETS model. The (A, N, N) model was
chosen by comparing AICc values of different options. The
ANN model means that the model is a simple exponential
smoothing model with additive errors where alpha is 0.279.

The models are then compared based on several error terms
as shown in Table 2.We can see from the table that the ARIMA
(0,1,1) model, here called “Arima_auto” has the lowest error
term on every metric, while the ETS model is almost identical.
Both are simple forecasts with flat predictions but slightly
different parameters for estimating the moving average level,
leading to a slight edge for the ARIMA model.

Figure 4 displays the plotted values of the compared
forecasting models. The winning ARIMA model is almost
equal to the chosen ETS configuration. The longer-term
downward trend seems not to be accounted for by the
ARIMAX models tested, as there is no corresponding long-
term trend for the external variables, as can be seen from
Figure 4.

The identified model can then be used to generate a
forecast for the upcoming weeks, allowing the call centre
management to have some preliminary indication for
whether call centre volumes are trending up or down

during the forecasted period. They are then able to use this
indicative forecast to create a resourcing plan and make
more informed staffing decisions. Another valuable
finding based on the results is that the new financing and
application volumes in these financial services call centre
do not have a significant impact on call centre volumes, at
least in the 133-week period that made up the training
data set.

Discussions

This study addresses the need for forecasting models in the
financial sector to predict call centre volumes, an essential
aspect for optimizing service levels and resource allocation.
With the rising significance of service level optimization,
this study aimed to identify suitable forecasting models in a
case company focusing on the effect of incorporating new
financing or credit application volumes into the forecasting
process.

Theoretical implications

Based on the existing literature, it seems clear that being able
to produce even a rudimentary forecast for customer service

Figure 2. ACF and PACF plots of aggregated calls data.
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operations is one of the most important steps in improving
efficiency,22 and has been identified as such for a long
time.24 As the case company already has data tables
available that records call center activities, it seems like an
obvious progression to utilize the data not only for historical
tracking, but for looking forward as well.

While workload forecasting in general and call center
volume forecasting in specifically has a wide array of
predictive analytics methods to choose from based on ex-
isting studies, favoring simplicity in the initial forecast
seems to bring close to the same amount of benefits as a
more complex model, particularly when aggregating the
data to a weekly forecast.28,48 For this reason and due to the
nature of the data (limited number of data points), common
timeseries analysis is chosen as the preferred method in this
study, supported by results of several similar studies in other
industries dealing with call center volumes1,11,26 as well as
them being identified as often superior to more complex

models when forecasting on a longer time horizon than daily
or intra-day forecasts.

While ensemble methods and neural networks have also
seen encouraging results in time series forecasting,14,19,48 a
simpler model to start with is preferred, both for the
aforementioned reasons as well as to ensure that the model
can actually be maintained and adjusted relatively easily in
the organization, as forecasting is often and also in this case
an ongoing process instead of a single event and to avoid
overfitting by adding complexity for the sake of complexity.

Practical implications

This study sets out to answer three questions, the first one
concerning what types of models should be tested and
compared when building an initial time series forecasting
model for an organization which does not yet have a process
in place. According to the literature review, even a simple

Figure 3. ETS (N, A, A) decomposition plot of aggregated calls data.

Table 2. Comparison of models’ error terms.

Model ME RMSE MAE MPE MAPE MASE

ARIMA-auto �105.334 167.1648 126.0849 �7.65 8.8592 0.5318
ETS_ANN �107.8244 168.7451 127.5188 �7.8127 8.9596 0.5378
ARIMAX_creditapps �511.2508 519.6229 511.2508 �33.8121 33.8121 1.196
ARIMAX_agrs �413.3322 436.9219 413.3322 �27.6886 27.6886 0.9669
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model is an important tool in call center management22,24,28

and favoring simplicity does not necessarily mean less
accurate forecasts.28 Due to these findings, simpler models
commonly used in time series analysis, such as ARIMA and
ETS, are favored.1,11,26

With the second research question the goal was to find
out what the best model is out of the chosen ones when it
comes to forecasting the call center data of the case com-
pany, in particular. An error term comparison was done
between three types of ARIMA models, as well as an ex-
ponential smoothing model. The data was cleaned and
aggregated to a weekly level containing 166 months of data
and divided into a training and testing set. The parameters of
the time series models were chosen using R programming
tools to come up with the most accurate ones. In the end, the
simpler models were the most accurate, with an ARIMA
model with no external variables having the smallest error
terms across the board, followed by a simple exponential
smoothing model with additive errors. This is the model that
is used in building the forecast process.

The second question in essence also answers the third
research question. The goal was to investigate whether the
external variables identified in the organization, new
agreement volumes and credit application volumes, were
driving call center volumes to a significant extent. This
seems not to be the case, at least to the extent that they would
provide more accurate forecasts compared to just using the

historical call center volumes on their own in building
forecasts. The explanation for this might be that while the
new agreement and application generation obviously does
generate customer contacts, most of the call volume is
driven by the existing financed portfolio, instead of new
agreements.

Study limitations

From a data analysis perspective, the biggest limitations of
the study are the sample size of 166 observations and, in a
way, data availability. The limited number of observations,
which are restricted by the case company’s database data
retention rules, and variables, which are limited by the data
collection capabilities, essentially rule out some more so-
phisticated forecasting models, such as the use of neural
networks.

As found in the literature review, one can achieve good
results even without complex models, however there might
be various factors that have a larger impact on call center
volumes than their historical values apart from the ones
included in this study. Testing these would require more
extensive data collection in the organization. One clear
limitation is that the subject of the calls is not recorded, so it
is now not possible to create accurate forecasts for specific
customer issues, some of which take more time to handle
than others.

Figure 4. Plotted forecasts on top of training and testing data.
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Another limitation is that there are some external factors
that influence call center volumes that are hard to quantify in
a statistical forecast. One such factor is the development of
the company’s self-service channels, which can quickly
reduce the need for phone-based customer queries. This is
something that must be considered by the call center
managers when interpreting the forecast dashboard.

Future research

In future study, if data collection around call center activities
at the case company becomes more extensive, it could be
worthwhile investigating what factors, if any, have a sig-
nificant impact on volume changes. Data exists on the
lengths of individual calls and if this could be combined
with data points describing the subject of the call on any
level of specificity, it would be possible to create even more
granular forecasts down to the daily and hourly level. A
daily or hourly forecast would also increase the number of
data points available within the constraints of the company’s
data retention rules. This would potentially also allow for
more flexibility methodologically.

Furthermore, when it comes to operative forecasting
there is another unexplored area within customer service
with plenty of data points and the possibility for many types
of analysis enabled by emerging pattern recognition capa-
bilities. This area is emails, which are also tracked within a
customer engagement software platform. With a view to
how much time certain tasks take on average, there is much
potential in having an even clearer picture of the company’s
future operative resource allocation.

Moreover, customer happiness, loyalty, and brand per-
ception are all directly impacted by customer experience,
which is a critical factor in a company’s success. Businesses
are using technology more and more to improve customer
service in the highly competitive business world of today. In
this field, artificial intelligence (AI) has revolutionized
creative ways to satisfy clients’ ever-evolving demands.53

AI-powered customer service is radically changing how
companies interact with their customers by providing
prompt, proactive, and individualized assistance. In the
future study, application of AI in customer satisfaction can
be explored too for mutual benefits.

Conclusions and future work

The research questions guided the investigation, empha-
sizing the exploration of appropriate forecasting models,
determination of the best-performing model for the com-
pany, and assessment of the impact of new financing or
credit application volumes on forecast accuracy. A quan-
titative methodology was adopted, utilizing data collected
from the case company’s SQL database tables. Based on the
rigorous literature review, four time series analysis models
were chosen for comparison, tailored to the characteristics of

the collected data and the requirement for weekly-level
forecasting.

The results of the model comparison revealed that the
inclusion of financing or credit application volumes did not
significantly affect forecasting accuracy of the case compa-
ny.This study set out to answer the question concerning the
types of models to be tested and compared when building an
initial time series forecasting model for an organization which
does not yet have a process in place. According to the lit-
erature review, even a simplemodel is an important tool in call
center management and favoring simplicity does not neces-
sarily mean less accurate forecasts. Due to these findings,
simpler models commonly used in time series analysis, such
as ARIMA and ETS, are favored.1,11

The next goal of the research was to find out what the best
model is out of the chosen ones when it comes to forecasting
the call center data of the case company, in particular. An
error term comparison was done between three types of
ARIMA models, as well as an exponential smoothing
model. The data was cleaned and aggregated to a weekly
level containing 166 months of data and divided into a
training and testing set. The result shows that the simpler
models were the most accurate, with an ARIMAmodel with
no external variables having the smallest error terms across
the board, followed by a simple exponential smoothing
model with additive errors.
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1. Bugarčić P and Radojičić V. Forecasting demand for a tele-

phone call center. Int J Traffic Transp Eng 2020; 10: 266–277.

2. O’Brady S, Doellgast V and Blatter D. The high costs of out-
sourcing: vendor errors, customer mistreatment, and well-being
in call centers. Ind Relat: J Econom Soc 2024; 63: 80–103.

3. Rostami-Tabar B and Hyndman RJ. Hierarchical time series
forecasting in emergency medical services. J Serv Res 2025;
28: 278–295.

4. do Vale FO, Brandão A and Remondes J. The modern call
center: the relationship between service quality metrics and
employee’s performance. Amplifon case study. Int Conf
Market Techno 2023. Springer Nature, 2023, pp. 443–475.

5. Marshall SM. The effect of call center agent burnout on
employee engagement. Doctoral dissertation, Walden Uni-
versity, 2024.

12 International Journal of Engineering Business Management

https://orcid.org/0000-0002-4219-0688
https://orcid.org/0000-0002-4219-0688


6. Chaudhary S, Nasir N, Rahman S, et al. Impact of work load
and stress in call center employees: evidence from call center
employees. Pakistan J Human Soc Sci 2023; 11: 160–171.

7. Coman E. IVR systems used in call center management: a
scientometric analysis of the literature. Front Comput Sci
2025; 7: 1459787.

8. Andrade R, Moazeni S and Ramirez-Marquez JE. A systems
perspective on contact centers and customer service reliability
modeling. Syst Eng 2020; 23: 221–236.

9. Arcidiacono D, Avola M and Palidda R. Call centres and job
satisfaction in Italy: employment conditions and socio-
biographical patterns. Int Rev Soc 2020; 30: 118–141.

10. Chacón H, Koppisetti V, Hardage D, et al. Forecasting call
center arrivals using temporal memory networks and gradient
boosting algorithm. Expert Syst Appl 2023; 224: 119983.

11. Antipov A and Meade N. Forecasting call frequency at a
financial services call centre. J Oper Res Soc 2002; 53:
953–960.

12. Ding S and Koole G. Optimal call center forecasting and
staffing. Probab Eng Inf Sci 2022; 36: 254–263.

13. Rausch TM, Albrecht T and Baier D. Beyond the beaten paths
of forecasting call center arrivals: on the use of dynamic
harmonic regression with predictor variables. J Bus Econ
2022; 92: 675–706.

14. Bertsimas D andBoussioux L. Ensemblemodeling for time series
forecasting: an adaptive robust optimization approach. 2023.

15. Cryer JD and Chan KS. Time series analysis: with applica-
tions in R. 2nd ed. Springer Texts in Statistics, 2010.

16. Hyndman R, Ahmed RA, Athanasopoulos G, et al. Optimal
combination forecasts for hierarchical time series. Comput
Stat Data Anal 2011; 55: 2579–2589.

17. Hyndman R and Athanasopoulos G. Forecasting: principles
and practice. 3rd ed. OTexts, 2021.

18. Makridakis S, Athanasopoulos G and Hyndman R. Fore-
casting: methods and applications. 3rd ed. Wiley, 1997.

19. Oliveira M, Phung D and Li H. Ensembles for time series
forecasting. (D Phung and H Li Eds.). JMLR: Work Conf Proc
2014 2014; 39: 360–370.

20. Aksin Z, Armony M and Mehrotra V. The modern call center:
a multi-disciplinary perspective on operations management
research. Prod Oper Manag 2007; 16: 665–688.

21. Mehrotra V and Fama J. Call center simulation modeling:
methods, challenges, and opportunities. Winter Simulation
Conf Proc 2003; 1: 135–143.

22. Cleveland B. Contact center management on fast forward:
succeeding in the new era of customer experience. 4th ed.
ICMI, 2019.

23. Abbott D. Applied predictive analytics: principles and
techniques for the professional data analyst. John Wiley and
Sons, Inc, 2014.

24. Bodin M. Maximizing call center performance: 136 innova-
tive ideas for increasing productivity and customer satis-
faction. 1st ed. CRC Press, 1999.

25. Box GEP, Jenkins G, Reinsel G, et al. Time series analysis:
forecasting and control. 5th ed. Wiley, 2015.

26. Barrow DK. Forecasting intraday call arrivals using the
seasonal moving average method. J Bus Res 2016; 69:
6088–6096.

27. Gans N, Koole G and Mandelbaum A. Telephone call centers:
tutorial, review, and research prospects. Manuf Serv Oper
Manag 2003; 5: 79–141.

28. Saccani N. Forecasting for capacity management in call
centres: combining methods, organization, people and tech-
nology. IMA J Manag Math 2013; 24: 189–207.

29. Anglou FZ, Ponis S and Spanos A. A machine learning
approach to enable bulk orders of critical spare-parts in the
shipping industry. J Ind Eng Manag 2021; 14: 604–621.

30. Edna CS, Ohlmann J, Dunbar S, et al. Operations research
methods applied to workflow in a medical records department.
Health Care Manag Sci 2002; 5: 191–199.
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Appendix 1. Normalized data sample

The first 20 rows of aggregated weekly agreements, calls,
and credit application data, normalized on a zero to one
scale.
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