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Abstract— The COVID-19 pandemic has significantly impacted customer behavior across industries, including the IT
sector. This paper explores the use of a fuzzy mathematical model to measure customer satisfaction and retention in the IT
industry, comparing pre-COVID and post-COVID scenarios. Traditional methods for customer satisfaction measurement
often lack the ability to handle the inherent ambiguity and subjectivity in customer feedback. Fuzzy set theory offers a
valuable tool to address this limitation. The proposed model identifies key factors influencing customer satisfaction in the IT
industry, considering both pre-COVID and post-COVID influences. Membership functions are defined for these factors, and
a fuzzy inference system is developed to determine overall customer satisfaction scores and predict retention likelihood.
Data from various sources is used to evaluate the model's effectiveness. The results provide insights into changes in
customer behavior and satisfaction drivers due to COVID-19, enabling IT companies to develop targeted strategies for
improved customer satisfaction and retention in the post-pandemic era.

Index Terms— Customer Retention, Customer Satisfaction Situational Triggers Relational Triggers, Fuzzy Mathematical Model, IT
Industry

I. INTRODUCTION

The COVID-19 pandemic has dramatically changed the outlook of customer behavior in all industries, not excluding IT.
The new dynamics that emerged around the world called for a reassessment of conventional techniques used to measure
customer satisfaction and retention. Traditionally, most of such techniques have proven ill-equipped to handle intrinsic
ambiguity and subjectivity within customer feedback. As the world is entering into the phase of post-pandemic, there is a
continuously increasing demand for robust models that could capture and analyze these nuances with a view toward
informing strategic decision-making in the IT industry.Customer satisfaction and retention have been assessed here through
a fuzzy mathematical model in the IT industry, considering the comparative analysis between pre-COVID and post-COVID
scenarios. Since fuzzy set theory has the principal ability to deal with vague and imprecise information, this provides a fit
framework for investigation. In this study, the membership functions for key factors that affect customer satisfaction are
defined, and a fuzzy inference system is constructed in order to complete the satisfaction scores for all customers
comprehensively and to predict the likelihood of their retention.

Customer satisfaction surveys focused on service quality, responsiveness, security, and value for money before the COVID
period. New dimensions entered customer interactions in the post-COVID era, largely captured by customer support tickets.
Customer support tickets outline the most outstanding technical problems, feature requests, security concerns, and other
areas that manifest the new normal of shifting priorities and expectations by information technology consumers.In this
research, an assessment is made of the effectiveness of the proposed fuzzy mathematical model in capturing these changes
through the analysis of data from various sources. The insights learned from the analysis are expected to help IT companies
in chiseling target-based strategies to improve customer satisfaction and retention in the post-pandemic world.

II. BACKGROUND AND SIGNIFICANCE

The COVID-19 pandemic outbreak practically changed the outlook of world business, accompanied by shocks reaching to
all branches of business activity through changes in customer behavior within the IT industry, whose needs are changing
radically with increasing dependence on digital solutions and growing expectations toward quality and safety of rendered
services. Because of that, the dimensionality of customer satisfaction—previously captured in only a few business facets,
typically service quality, responsiveness, security, and value for money—was assessed by the conventional methods of
surveying in the pre-COVID-19 IT industry. Nevertheless, the pandemic has demanded more adaptive and robust
measurement techniques to capture these complexities brought on by this global crisis.

The ambiguity and subjectivity in customer feedback are seldom captured by traditional methods. Advanced tools on
handling uncertain and imprecise data are, therefore, extensively called for in this respect. On this ground, fuzzy set theory
comes up as very promising due to its ability to deal with vagueness. Such fuzzy mathematical models will be of much more
help in understanding customer satisfaction and customer retention and will enable better decision-making and strategic
planning.

III. RESEARCH OBJECTIVES

This paper focuses on the development of a fuzzy mathematical model to quantify the extent of customer satisfaction and
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retention in the IT industry, pre- and post-COVID. Precisely, this work performs the following tasks:
Identifies and defines the key factors affecting customer satisfaction before and after the COVID-19 pandemic in the IT
industry.

To develop membership functions for these variables in the view to construct a fuzzy inference system, which analyses
overall customer satisfaction;

To review relevant data from customer support conducted by surveys before the COVID-19 and support tickets after the
outbreak to assess changes in customer behaviour and drivers of satisfaction;

To give recommendations on insights to IT companies in enhancing customer satisfaction and retention in the post-
pandemic era.

IV. DATA COLLECTION PROCESS

To measure real data in terms of customer satisfaction and retention in the IT industry for the period before and after
COVID, surveys of customers and analysis involving support tickets have to be carried out in a systematic fashion. Here is a
brief of steps involved.

Source: Customer satisfaction surveys conducted within the IT industry.

Pre-COVID Data Collection

1.

2.

3.

4.

Service Quality: This is where customer feedback is collected regarding the overall service quality of IT. E.g.: "On a
scale from 1 to 10, how would you rate the overall quality of our IT?"

Responsiveness: A rating on how satisfied the customers are with the response time to their problems and queries.
Sample questions include the following: "How do you feel with the response time of the queries and issues? (1-10)"
Security: Customers give their opinion about the level of security. Sample question: "How secured do you feel your
data is with our IT services? (1-10)"

Value for Money: Customer gives opinion about value expectation of the services. Sample question: "How would you
rate the value for money of our IT services? (1-10)"

Post-COVID Data Gathering

e Source: Analysis of customer support tickets logged after the onset of COVID-19.
e Factors: The support tickets were categorized based on three key concerns.

Technical issues: frequency and severity of technical issues as reported by customers. Sample question: How often do
you experience technical issues with our services? (Never, Rarely, Sometimes, Often, Always)

Feature Requests: Request for developing new features or improvements. Sample question: How often do you
request new features or improvements? (Never, Rarely, Sometimes, Often, Always)

Security Concerns: Security concerns for the post-COVID environment. For instance, "How concerned are you about
the security of your data with our services? (1-10)"

V. Fuzzy Mathematical Model

Service Quality (Pre-COVID)

1.

Identification of Factors: The study identifies key factors influencing customer satisfaction in the IT industry both
pre- and post-COVID. Pre-COVID factors include Service Quality, Responsiveness, Security, and Value for Money.
Post-COVID factors are Technical Issues, Feature Requests, and Security Concerns. These factors were selected
based on their relevance and impact on customer satisfaction and retention in the IT sector.

Membership Functions: Membership functions are defined for each factor to transform the subjective assessments
into fuzzy sets. Each factor is represented by a range of values indicating different levels of satisfaction or concern.

Technical Issues (Post-COVID)

o Poor: [0, 0.3] o Low: [0, 0.3]
o Average: [0.3,0.7] o Moderate: [0.3,0.7]
o Excellent: [0.7, 1] o High: [0.7, 1]

Similar membership functions are created for all other factors, allowing the fuzzy inference system to process the input data
effectively.

Fuzzy Mathematical Model Formulation

The fuzzy mathematical model for assessing customer satisfaction and retention involves several steps, each involving
specific formulas:

1. Identification of Variables

o Pre-COVID Variables: Service Quality (SQ), Responsiveness (RS), Security (SC), Value for Money (VM)
o Post-COVID Variables: Technical Issues (TI), Feature Requests (FR), Security Concerns (SCP)
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Development of Membership Functions

o Membership functions for each variable are defined based on customer responses, for the variable SQ:

0

ifx<1

x—1
X = —_—

HSQ() 9

ifl<x <10

1 ifx> 10

Similar membership functions are developed for RS, SC, VM, TI, FR, and SCP.

3. Fuzzy Inference System (FIS)

o

Construct a fuzzy inference system using the defined membership functions. For instance, using Mamdani-
type FIS, rules are created such as

If SQ is High and RS is High, then Overall Satisfaction (OS) is High
4.  Aggregation of Fuzzy Outputs:

o

Aggregate the outputs from the fuzzy rules using a max-min composition method

os(y) = max (min (jsq (), irs (), min(hsc (), By (9) -..)
5. Defuzzification:

@)

Convert the fuzzy output into a crisp value using the centroid method

[ y-tos(y) dy
0 = 2P0 T
S os(y) dy

Fuzzy Inference System: The fuzzy inference system (FIS) is developed to analyze overall customer satisfaction. The FIS
consists of the following components:

1.

Fuzzification: Transforming crisp input values (e.g., Service Quality, Technical Issues) into fuzzy values using the
defined membership functions.
2.

Rule Base: A set of fuzzy rules that relate the input factors to the output (customer satisfaction and retention).

IF Service Quality is Excellent AND Responsiveness is High THEN Customer Satisfaction is High.
1.

IF Technical Issues are High AND Security Concerns are Moderate THEN Customer Satisfaction is Low.
Fuzzification

Convert each input factor x; into a fuzzy set y; using membership functions p; (x;)

0
x) = x— 0.2 if0.2< x < 0.4

Hiow 04—02 EeSXSE
1

if x< 0.2

ifx > 0.4
0 if x< 0.2 orx=>0.8
x—0.2
umedium(X) =

m lf02 < x < 06
08-X  t02<x <06
08—06 eSS XSE

if x< 0.6
x) = x— 06 if0.6 < x < 1.0
Hhigh 10-06 if 0. X .

1 ifx> 1.4

5207 Preeti Nigam et al 5205-5211



Journal of Computational Analysis and Applications

VOL. 33,NO0. 8, 2024

10.48047/jocaaa.2024.33.08.174

Table 1 Output value of fuzzy inference system for customer satisfaction between the pre-COVID and post-COVID periods

5 1015202530

Figure 1 Pre-COVID Output response of FIS in MATLAB
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Sample Service Quality | Responsiveness Security Money Issues e Concerns
(Pre-COVID) | (Pre-COVID) | (Pre-COVID) | . cOVID) |(Post-COVID)| (Post-COVID)| (Post-COVID)
1 0.5488 0.2646 0.1590 0.3186 0.7253 0.1494 0.1647
2 0.7152 0.7742 0.1104 0.6674 0.5013 0.8681 0.6215
3 0.6028 0.4561 0.6563 0.1318 0.9561 0.1625 0.5772
4 0.5449 0.5684 0.1382 0.7163 0.6440 0.6156 0.2379
5 0.4237 0.0188 0.1966 0.2894 0.4239 0.1238 0.9342
6 0.6459 0.6176 0.3687 0.1832 0.6064 0.8480 0.6139
7 0.4376 0.6121 0.8200 0.5865 0.0192 0.8073 0.5356
8 0.8918 0.6169 0.0971 0.0201 0.3016 0.5691 0.5899
9 0.9637 0.9437 0.8379 0.8289 0.6602 0.4072 0.7301
10 0.3834 0.6818 0.0961 0.0047 0.2901 0.0692 0.3119
11 0.7917 0.3595 0.9765 0.6778 0.6180 0.6974 0.3982
12 0.5289 0.4370 0.4687 0.2700 0.4288 0.4535 0.2098
13 0.5680 0.6976 0.9768 0.7352 0.1355 0.7221 0.1862
14 0.9256 0.0602 0.6048 0.9622 0.2983 0.8664 0.9444
15 0.0710 0.6668 0.7393 0.2488 0.2075 0.9755 0.7396
16 0.0871 0.6706 0.0392 0.5762 0.4240 0.8558 0.4905
17 0.0202 0.2104 0.2828 0.5920 0.8443 0.0117 0.2274
18 0.8326 0.1289 0.1202 0.5723 0.3331 0.3598 0.2544
19 0.7782 0.3154 0.2961 0.2231 0.5414 0.1716 0.0580
20 0.8700 0.3637 0.1187 0.9527 0.3130 0.5210 0.4344
21 0.9786 0.5702 0.3179 0.4471 0.1647 0.0543 0.3119
22 0.7992 0.4386 0.4143 0.8464 0.6215 0.2902 0.6963
23 0.4615 0.9884 0.0641 0.6995 0.8782 0.6180 0.3778
24 0.7805 0.1020 0.6925 0.2974 0.6106 0.4288 0.1796
25 0.1183 0.2089 0.5666 0.8138 0.3447 0.1355 0.0247
26 0.6399 0.1613 0.2654 0.3965 0.6974 0.2983 0.0679
27 0.9447 0.6531 0.5232 0.8811 0.4072 0.8817 0.4535
28 0.5218 0.2533 0.0939 0.5813 0.1404 0.6925 0.5366
29 0.4147 0.4663 0.5759 0.8817 0.7450 0.4147 0.8967
30 0.2646 0.2444 0.9293 0.6925 0.5142 0.2646 0.9903
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Figure 2 Post-COVID Output response of FIS in MATLAB
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Figure 3 Customer satisfaction levels Pre-COVID and Post-COVID
RESULTS

1. Customer Satisfaction Levels: Pre-COVID and Post-COVID

The results of the analysis indicate that there are significant differences in customer satisfaction between the pre-COVID
and post-COVID periods.

* Pre-COVID Satisfaction: Four key drivers—Service Quality, Responsiveness, Security, and Value for Money—drove
the satisfaction levels. An average of satisfaction across these factors was computed to give a baseline understanding of
the expectations and experiences of customers before the pandemic.

e Post-COVID Satisfaction: Customer concerns are very different from what they used to be before the outbreak of
COVID-19.technical issues, feature requests, and security concerns are major factors driving satisfaction since. The
averages of the satisfaction scores on these factors allude to a much keener focus on the resolution of technical issues,
meeting requirements for new features, and appropriate security measures.

This will be contrasted by plotting the average satisfaction levels pre-COVID and post-COVID, showing that the focus
shifted from quality of service and value for money to technical and security concerns more immediately relevant. This shift
underlines the general impact of the pandemic on customer priorities and consequently calls forth the need for IT companies
to adapt their strategies in time.

2. Effectiveness of Model Predicting Customer Retention

The developed fuzzy mathematical model in this study proved to be effective in predicting customer retention based on the
level of customer satisfaction.

* Pre-COVID Predictions: In this respect, certain factors of satisfaction, like Service Quality, Responsiveness, Security, and
Value for Money, shaped overall satisfaction and thereby inferred likelihood of retention. The pre-COVID model
predictions were within historical trends of customer retention, thus validating it for effectiveness in a stable environment.
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* Post-COVID Predictions: The model was tested for its adaptability against the new set of influential factors—Technical
Issues, Feature Requests, and Security Concerns. The model was able to bind these variables and perform better in
predicting retention in post-pandemic times. The post-COVID predictions manifested that the resolution of technical and
security issues emerged as a major factor for customer loyalty, thus presenting a realigned retention strategy against newly
emerging customer concerns.

The fact that the model performed well in predicting retention over these periods shows its strength and relevance across
different customer contexts. On the other hand, it also offers IT companies a very effective tool for assessing customer
loyalty based on data-driven decisions in enhancing re/media strategies.

3. Insights into COVID-19 Effects on Customer Behavior and Drivers of Satisfaction

The COVID-19 pandemic has dramatically changed customer behavior and satisfaction drivers in the industry.More
precisely, customers shifted their attention from the formerly pertinent concerns, like service quality and value for money, to
technical support, feature requests, and security concerns during the post-COVID phase. Such movement emphasizes that
customer needs are changing at high speed with the level of IT services they utilized during the pandemic.The increase in
the primary factor related to technical issues simply means that, during the pandemic, customers were beset by more
frequent and complex technical issues. This indeed is a shift in focus, telling IT companies that they do need to work on a
better support infrastructure to meet these emerging needs.The increased security awareness in uncertainty across the world
following COVID-19 emphasizes the fact that in a digitally driven world, data protection assumes paramount importance
with regard to cybersecurity. Customers are more discerning and concerned with the safety of information wanted from
them, demanding better security on the part of IT service providers.Increased attention to feature requests scripted a
situation in which the IT Company has to demonstrate readiness and innovation in developing new features and
functionalities that meet changing market demand by customers.The overall impact of COVID-19 is to realign customer
satisfaction drivers toward greater emphasis on immediate technical support and security. IT companies should therefore be
prepared to change in these directions, factoring in the provision of services that will meet demands for these drivers to
maintain and improve customer satisfaction and retention in a post-pandemic world.

CONCLUSION

The present study probed into the dynamic landscape of customer satisfaction and retention with the help of a fuzzy
mathematical model for handling ambiguities and subjectivities involved in customer feedback. Major changes in the drivers
of customer satisfaction have been captured by studying the pre- and post-COVID data. Pre-COVID data emphasized
service quality, responsiveness, security, and value for money. In contrast, customer concerns post-COVID are related more
to technical issues, feature requests, and issues related to security.

For this research, a developed fuzzy inference system that models complex relationships between variables could give
nuanced insights into the overall customer satisfaction level. The results showed a significant change in customer behavior
and drivers of satisfaction due to the COVID-19 pandemic, which calls for IT companies to change strategies to such
changing custom er expectations. The results that emerged from the analysis underline the continuous monitoring and
adaptation needed in the process of measuring customer satisfaction. Fuzzy set theory can be used by IT companies to much
better handle the uncertainty and variability in customer feedback and hence generate productive customer retention and
satisfaction enhancement strategies for the post-pandemic era.

The implications of this study are great for any IT company trying to retain a lead over competitors by way of better
customer service. In its proposed fuzzy mathematical model, this study provides an all-important framework that can guide
the explication of customer satisfaction in a fast-changing environment, and ways of improving it. Future research can build
from this work with an inclusion of more variables and exploration of changes over time in relation to customer satisfaction
and retention.
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