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Abstract

The growing population has increased the demand for people to benefit from home health care (HHC) agencies, therefore, raising the
need to use home health software (HHS) products to improve the quality of service and management of HHC companies. HHS products
play a key role in managing and scheduling appointments, which leads to saving time and improving the productivity of HHC
companies. Analyzing online reviews of HHS products helps the decision-makers in improving their products which leads to more
satisfied customers (i.e. HHC agencies) and increases the quality of the HHS applications. In this study, a total of 5338 online reviews
were gathered from the SoftwareAdvise website using a customized crawler. After data preprocessing and imputation, machine learning
(ML) techniques including the Latent Dirichlet Allocation (LDA) topic model were used to reveal the major topics that influenced the
customers’ perception. Self-organized maps (SOM) were utilized to segment the customers according to their ratings behavior which
eventually led to six groups. Finally, classification and regression trees (CART) were used to predict customer outcomes based on
criteria ratings. The results of this study revealed that customers have similar rating behaviors in terms of ease of use and functionality
criteria in HHS. In addition, users of HHS were interested mostly in ten features including scheduling, management, support, privacy,
integration, ease of use, accessibility, controllability, flexibility, and efficiency. These outcomes help researchers define their features
while delivering surveys for evaluating customers’ satisfaction with HHS products.

Keywords: Home health, online reviews, machine learning, customer satisfaction.

Medicare recipients got HHC services from more than
10,500 providers in 2019 (Bankole et al., 2023). HHC
agencies provide health care services at either
individuals' homes or home-like settings (Cappanera &
Scutella, 2015; Harrison et al., 2020). HHC agencies
deploy HHS services to communicate with customers
and schedule orders. These services are software
applications or platforms designed specifically for HHC
agencies to manage their clinical, operational, and
administrative tasks. This indicates the importance of
such services in alleviating the pressure on the
management of the HHC workload. Consumers’
purchase decision is heavily affected by online reviews
(Eslami et al., 2018). Therefore, analyzing user-

1. Introduction

The increasing ratio of the aging population has raised
the need to employ home health care (HHC) and home
health software (HHS) services in several countries to
alleviate the pressure on the limited traditional medical
model (G. Du et al.,, 2022). Especially during the
COVID-19 pandemic, the health industry was back on
its heels. HHC visits including doctor, nurse, prenatal
care, and reproductive visits are fundamentally
important to promote individuals’ quality of life and
well-being, especially for senior citizens (Koeleman et
al., 2012; Pahlevani et al., 2022), patients with chronic
diseases (Nilsson et al., 2023), and women. HHC

organizations are growing over time, particularly in
Europe and North America (Van Eenoo et al., 2018). For
a brief period of time following hospitalization, HHC
services offer nurse and/or treatment sessions to aid a
patient's recovery at home (Russell et al., 2023). The
majority of HHC beneficiaries are senior citizens (85%),
have either four or more chronic illnesses (66%), and
women (63%) (Bankole et al., 2023). About five million

generated content (UGC) in HHS is essential to provide
deep insights for the HHS owners to enhance their
services according to the revealed customers’
perceptions which leads to customer satisfaction.

The increasing number of HHC recipients raises the
need to employ HHSs which are platforms that help
manage the increasing data as well as mitigate pressure
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on the management staff. This points to the importance
of revealing customer satisfaction with HHS using
machine learning (ML) approaches, and UGC shared on
the SoftwareAdvice website to improve both the quality
of service and function of HHC. SoftwareAdvice is a
website that provides reviews, ratings, comparisons, and
research on different software products and tools for
businesses including HHS, accounting, customer
relationship management (CRM), project management,
human resources (HR), and more (softwareadvise). The
UGC presented on this platform stands as an important
source for researchers to perform data analyses and
reveal customers’ satisfaction dimensions that can help
the targeted enterprises improve their services.

As the number of similar products on the market
continues to grow, companies are increasingly
competing with each other, leading to fierce rivalries (Li
et al., 2023). Consequently, considering the customers’
preferences provided by online reviews is essentially
critical for businesses to enhance their services
accordingly. With the fast advancements in social media
networks, the number of people sharing their
recommendations in the form of online reviews has
increased making it an important representative of
customers’ needs (Y. Du et al., 2022). Therefore, the
researchers have concentrated on information extraction
and mining of online reviews using natural language
processing (NLP) techniques in the last few years
(Afrizal et al., 2019; Alrahhal & Bozkurt). Examining
these online reviews using ML approaches enables
revealing the customers’ satisfaction dimensions in
order to present services and products that align with the
users’ needs (J. Zhang et al., 2021). The research in the
literature has shown that UGC is important for helping
customers to find new information, reduce doubts about

Table 1. List of abbreviations
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specific services, influence the decisions of others, and
save time in their search (Amatulli et al., 2019; Bi et al.,
2020; Gavilan et al., 2018; Jia, 2020; Zhang & Hanks,
2018). Information provided by users' complaints in the
form of UGC frequently exposes issues related to
product features or service quality. Consequently,
examining the UGC using ML approaches is critical for
helping companies upgrade their products and services
(Li et al., 2023) according to the consumers’ demand.
Although there are several studies examined UGC in
several fields (Ahani et al., 2021; Lucini et al., 2020;
Nilashi, Abumalloh, et al., 2021; Nilashi et al., 2018;
Nilashi, Yadegaridehkordi, etal., 2019; Rita et al., 2022;
Y. Song et al., 2022; Wang et al., 2018), to the best of
our knowledge, analyzing UGC in the context of HHSs
using ML techniques hasn’t been explored yet. Some
works in the literature investigated the customers’
satisfaction by employing 2 stage methodologies
including ML and survey-based approaches (Nilashi,
Abumalloh, et al., 2021; Nilashi, Abumalloh, et al.,
2022). In this study, ML approaches were investigated
for understanding customer perception using UGC. The
main contribution of this study is to reveal the
customers’ satisfaction dimensions and examine their
rating behavior in the context of HHS by analyzing the
UGC using ML techniques.

The rest of this paper is structured as follows: The
literature review is provided in Section 2. The deployed
methods in this study are discussed in detail in Section
3. The results of the data analyses are presented in
Section 4. The discussion of this study is provided in 5.
In Section 6 the conclusion of this study and
recommendations for future work are provided.

A list of abbreviations used in this study is given in
Table 1.

Abbreviation

Full Term

ML
LDA
HHS
HHC
NLP
HOSVD
SOM
CART
UNWTO
UGC
NLP
PHCT
PCA

Machine Learning

Latent Dirichlet Allocation

Home Health Software

Home Health Care

Natural language Processing

Higher-Order Singular Value Decomposition
Self Organized Maps

Classification and Regression Trees

United Nations World Tourism Organization
User-Generated Content

Natural Language Processing

Palliative Home Care Teams

Principal Component Analysis

2. Background

2.1. Online Reviews

UGC is content that is produced by consumers,
including discussions and social interactions among
users, numerical product ratings, "Like", and detailed

review comments (Zhao et al., 2022). As such, this
content is present on a variety of mediums such as social
media platforms, application distribution channels,
third-party review websites, marketplaces, and brand-
owned websites or applications (Ray et al., 2021). UGC
is a significant information source for service providers,
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potential  clients, and scholars.  UGC-based
recommendation systems help customers with the
decision of whether to consider a specific product or not
(Cascio et al., 2015; Nilashi, Samad, et al., 2022;
Nilashi, Samad, et al., 2021; Zablocki et al., 2019). In
order to improve their products, service providers can
benefit from the UGC as it offers comprehensive
feedback on customer experience regarding their
offerings (Jiménez & Mendoza, 2013). In addition,
UGC offers the possibility of investigating a
considerable amount of user experiences in a structured
manner, which can produce scientific knowledge and
understanding (Hu & Trivedi, 2020; Huang, 2017). As
such, UGC can be harnessed to analyze customer
satisfaction (Szymanski & Hise, 2000). For instance,
UGC shared on the TripAdvisor website has been
widely used in academic research, hotel and tourism
management, and information systems (Xiang et al.,
2015). The transition from traditional word-of-mouth
(WOM) to electronic word-of-mouth (e-WOM) has
brought about a change in the research approach
(Marine-Roig, 2019). Instead of relying on paper
surveys and in-person interviews, researchers in the
tourism and hospitality sector have begun to collect
UGC from tourism platforms and social media to gain a
deeper understanding of customers' viewpoints and
choices (Marine-Roig, 2019). The authors (Herrero et
al., 2015) investigated how users perceive hotel reviews
and found that users rely on three factors when making
decisions: the credibility of the source, the perceived
value of the information provided, and the similarity
between the review generators and the users. The
research in the literature has emphasized the importance
of analyzing online reviews to reveal customers’
satisfaction in many fields (Bian et al., 2022; Sezgen et
al., 2019; Zibarzani et al., 2022). However, there is a
lack of studies in terms of revealing customers’
satisfaction in HHS using ML approaches.

2.2. Text Mining Applications on Online Reviews

Text-mining methods have been utilized in the
previous literature in order to examine various factors
that impact customers’ satisfaction either positively or
negatively using UGC (Abumalloh et al., 2024; Ahani,
Nilashi, Ibrahim, et al., 2019). A fuzzy evaluation
approach was established for measuring customer
satisfaction via online reviews (Liang et al., 2021). The
Technique for Order of Preference by Similarity to Ideal
Solutions (TOPSIS) was deployed to examine the
satisfaction of tourists as an ML approach in the Canary
Islands (Ahani, Nilashi, Yadegaridehkordi, et al., 2019).
According to (Xu, 2021), the satisfaction of customers
for takeaway restaurants is influenced by the drivers'
performance. In (Bilgihan et al., 2018), the authors
observed three discernible types of customer
perceptions that were evident in their reviews of
restaurants: mechanical, functional, and humanistic. The
study in (Wang et al., 2019) identified six emotions, joy,
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anger, sadness, trust, fear, and disgust, expressed in
reviews that could indicate the level of satisfaction or
dissatisfaction of the reviewers. Another study (Yan et
al., 2015) examined UGC from a Chinese online
community and found that variables such as atmosphere,
price, and value mentioned in restaurant reviews could
predict customers' intention to revisit. The outcomes of
their study validated the outcomes of analogous research
that applied sentiment analysis to reviews on Google
Maps (Mathayomchan & Taecharungroj, 2020). The
price wasn’t found to be a key indicator of users’
experience regarding their data analysis of Airbnb (Li et
al., 2020).

Topic modeling is one of the most used ML
approaches in the context of revealing customers’
satisfaction using UGC. Humanly understanding the
factors that impact customers’ satisfaction is impossible
due to the increase in number of the UGC (Heng et al.,
2018). Topic modeling is an effective approach that
utilizes natural language processing to uncover topics
from an extensive collection of unstructured reviews
(Wu & Chang, 2020). Topic modeling has been utilized
to identify significant emotions or opinions related to
important characteristics pertinent to electronic gadgets
(Ma et al., 2013), digital assistants (Sanchez-Franco et
al., 2021), customers’ perception of the service quality
in the context of rental accommodation (Ding et al.,
2020) as well as in airline hotels (Moro et al., 2020) and
restaurants during COVID-19 outbreak (Zibarzani et al.,
2022). It has also been used to uncover the desires and
worries of customers regarding amusement parks (Luo
et al., 2020), and to assess satisfaction of customers
using pharmacy reviews (Liu et al., 2020). In the study
by (Nasiri & Shokouhyar, 2021), Latent Dirichlet
Allocation (LDA) was deployed as a text-mining
approach in order to reveal the perceived value of online
reviews in the context of online retailing.

2.3. ML Applications in the Health Sector

The recent development of ML and deep learning
approaches has allowed researchers to conduct many
experiments in several fields including the health sector
(Tiryaki, 2023) (McArthur et al., 2020) (J. Song et al.,
2022). In this (J. Song et al., 2022), the authors deployed
ML approaches in their risk models. Their results
revealed that the integration of clinical notes with
structured data enhanced the identification of patients
who are at risk of experiencing emergent medical events
that require urgent care during HHC. The authors in this
(Topaz et al., 2020) study deployed predictive models
based on ML and text mining to anticipate the
probability of patient hospitalization or emergency
department visits by analyzing the content of HHC
clinical notes. In this study (Song et al., 2021), by
comparing three ML approaches using clinical notes,
risk factors were extracted and utilized to develop
predictive models to define patients' probability of
experiencing a wound infection during their HHC
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treatment. In (Jones et al., 2018), in order to predict
hospital utilization and emergency department for
patients who receive HHC, the authors compared three
ML approaches against traditional statistical methods. In
this (Kuspinar et al., 2019), a ML approach was utilized
to prevent first-time falls among elderly individuals
receiving Home HHC, thereby mitigating the substantial
personal and financial costs associated with such falls.
In this (McArthur et al., 2020), the authors deployed an
ML method to predict the occurrence of hip fractures in
home care residents over one year. They aimed to
develop and validate this method using the Resident
Assessment Instrument for Home Care (RAI-HC),
which is a standardized assessment tool used to evaluate
the needs and strengths of individuals who receive home
care services. In this (Zhu et al., 2007), the authors
compared a ML approach and a Clinical Assessment
Protocol (“ADLCAP”) in order to predict the
rehabilitation potential. Their findings demonstrated
how a machine-learning algorithm could improve the
quality of clinical decision-making. Another ML
approach was deployed by (Nabal et al., 2014) in order
to predict the probability of patient survival at 7 and 30
days using symptoms detected by palliative home care
teams (PHCTSs). The study suggests that classification
schemes and decision trees based on specific symptoms
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can assist clinicians in predicting the survival of patients
with advanced cancer treated by PHCTSs. In this (Yang
et al., 2021), the authors analyzed healthcare-related
data of advanced cancer patients who were under home
care using a data mining algorithm. They compared 3
ML algorithms: support vector machine, random forest
algorithm, and neural network, and found that the most
appropriate model for predicting both patient survival
and medical expenses was the random forest algorithm.

3. Methodology

This section presents the details of our methodology
depicted in Fig. 1. In order to achieve the objective of
this research, UGC was gathered from the
SoftwareAdvice website using a crawling technique.
Afterward, a data imputation step was performed using
HOSVD (Nilashi, Ahani, et al., 2019; Nilashi et al.,
2014). LDA was utilized to extract the major topics from
the UGC. The self-organized maps (SOM) clustering
technique was applied to partition the customers into
similar clusters according to their satisfaction behaviors.
Finally, the Classification and Regression Tree (CART)
prediction approach was deployed for the prediction of
new customers.

SoftwareAdvise J_

Documentl

Document2
Document3

Document (D)

Words 1 | = Topic 1
Words 2 | «——Topic2

«+—— Topic 3

1 Wordsm( N) ] Topie ()

SOM Clustering
gl O OCO8

Decision Trees
. = |

=

Crawler _
Crawling

Pre-Processing

|

Text Mining LDA

|

Clustering

¢

Decision Making

Fig. 1. Proposed research method for automated analysis of customer reviews
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3.1. Data collection and p reprocessing

UGC is a powerful kind of data that includes important
information for both health applications’ users and service
providers (Haggag et al., 2022). This information provides
the service providers understanding of the major factors that
impact the customers’ satisfaction in order to help them
update their product regularly, increase publicity, and refine
their marketing strategy (Qiao et al., 2018). The data
collection stage was performed to collect the UGC located
on the SoftwareAdvise. We developed a customized crawler

Customer's review

Neriel
Hospital & Health Care, 11-50
employees

Used daily for more than 2 years

Review Source @

OVERALL RATING

Numerical ratings

\ FUNCTIONALITY
5

Fig. 2. A customer’s review on SoftwareAdvise website
3.2. LDA topic modeling

The topic modeling technique aims to reveal latent
information from unstructured textual data and explore
hidden themes. LDA is a probabilistic model that supposes
topics to be a probability distribution across a group of
words, while a document is considered a combination of
topics (Jung & Suh, 2019). The topic numbers should be

PROS oy

Ease of use, compliant with state guidelines and very precise with
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in order to gather the customers’ reviews. The crawler was
developed with Python programming language using the
Selenium and beautifulsoup library. Using this crawler, we
collected 5338 reviews of textual data and criteria ratings
expressed by users. An example of the gathered data is
presented in Fig. 2. The numerical data consists of 5 features:
overall rating, ease of use, value for money, customers
support, and functionality. The customers express their level
of satisfaction by rating the HHS products ranging from 0 to
5 on the aforementioned features. Data cleaning procedures
were utilized to remove unnecessary information from the
dataset.

Reviewed March 2023

( Great tool for HomeHealth Care

one tool that has all the features you needed for home health. customer
support is very good. top notch and helpful

geofencing features

5
( GP CONS

EASE OF USE might be confusing for new users, but when you get used to it, very
5 comprehensive but easy to navigate

VALUE FOR MONEY
5

CUSTOMER SUPPORT
5

defined in the LDA. Scholars have indicated that assigning
20 topics have given the best performance (Williams &
Betak, 2018). LDA was utilized widely in text mining
studies in the literature to investigate the UGC and inspect
the customers’ perception in several fields including the
accommodation business (Sim et al., 2021), marketing
(Huang et al., 2022), and online education (Wei &
Taecharungroj, 2022). We present the generative model of
the LDA in Fig. 3.
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1. Foreach topic z€ Z
e  Draw a multinomial distribution (Z)Z~Dir(ﬁ )
2. Foreveryuseru € U,
. Draw a multinomial distribution8,,~Dir ().
. For every Word w € D,,,

(@) Draw a topic z~Multinomial (9—))

u

(b) Draw a word w~Multinomial (0_))

z

Fig. 3. LDA Generative Procedure

3.3. Missing values imputation using HOSVD

In several real-world applications, tensor as well as
matrix factorization has widely been used (Ahani, Nilashi,
Ibrahim, et al., 2019). In this study, the higher-order singular
value decomposition (HOSVD) which is an extended
version of SVD, was utilized in missing data imputation. By
breaking down tensors into their fundamental components,
this technique reduces the dimensions of the data, enabling
the calculation of similarity measures (Nilashi, Abumalloh,
et al., 2022). Data imputation using HOSVD entails
estimating missing values in a tensor by approaching it with
a dimensionally reduced tensor.Forms that do not fit in a
single column should be centered on the entire page.

3.4. SOM clustering

Following the data imputation stage, a clustering method
was employed in order to segment the customers with
similar behaviors based on their reviews. Consequently, we
applied the SOM clustering approach which is a well-known
clustering technique that tackles large input data sets.
Kohonen initially proposed SOM (Kohonen, 1990), which is
an unsupervised type of artificial neural network (Qiang et
al., 2023). During training, SOM learns to create a low-
dimensional output grid from high-dimensional input data
using nonlinear methods (Zhang et al., 2023).

The SOM clustering approach consists of two layers; the
input layer and the output layer. The SOM is a fully
connected artificial neural network (ANN) because each
input vector in the input layer is connected to the entire units
inside the lattice. As presented in Figure 4, the SOM receives

the training data through the input layer which consists of m-
dimensional vectors that stands for the features of the
dataset. The output layer is a lattice; made of interconnected
units which are typically arranged in a uxv grid pattern. As
presented in Fig. 4, the units are connected to their adjacent
units using a neighborhood that can be either rectangular or
hexagonal in shape. Each neuron in the output layer is
associated with a weight vector that connects it to the input
neurons. In order to initialize the values of the weights, an
available initialization method can be used to randomly
generate the initial weights of the SOM clustering method
(Attik et al., 2005).

As illustrated in Fig. 4, every neuron in the input layer
which is represented as a red circle is connected to the units
in the SOM lattice. The Best Matching Unit (BMU),
represented by the red unit, is connected to the input unit by
bold lines. The weights are denoted by w, wi,..., w2 _;.
The green units denote the neighborhood of the red BMU.
The BMU is identified using a similarity measure like cosine
distance, Euclidean, and absolute value (Wan et al., 2002).
After identifying the BMU, the weights of the BMU and its
neighboring units are updated through a process that
considers their topological proximity. During this updating
process, the input vector ‘pulls' the BMU and its neighbors
towards itself. The weights are updated during the iteration
regarding the neighborhood size and the learning rate.

The SOM approach modifies the weight vectors of the
BMU and its neighboring to minimize the distance between
the weight vectors and the current sample. This process is
repeated until convergence (Vesanto & Alhoniemi, 2000).
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Fig. 4. The SOM Approach Lattice
3.4. CART approach

CART is an effective way to solve regression problems
due to its ability to identify non-linear relationships without
transforming variables (Breiman, 1984; Steinberg, 1997). As
such, this method is widely employed in decision-making
systems to establish the relationship between inputs and
outputs. Initially, the algorithm partitions the input variables
into value intervals and then constructs a tree structure
consisting of nodes that test the value of each interval, as
well as leaves that correspond to the predicted value (Galicia
et al., 2019).

The CART approach measures the quality of a split in the
decision tree using the Gini impurity measure, which is a
criterion used to evaluate the homogeneity of the target
variable in each subset of data after being split. The Gini
impurity calculates the probability of misclassifying a
randomly chosen item from the dataset if it were labeled
randomly, by taking into account the weight of the
probability of each label in the dataset (Chen et al., 2023).
The higher the Gini impurity, the higher the probability of
misclassification. The Gini impurity can be calculated as:

Gini impurity =1 — ¥¢_, (p?)

where i ranges over all classes in the dataset, ¢ indicates
the number of classes in the dataset, and p; refers to the
probability of the ith class label in the dataset.

Journal of Soft Computing and Decision Support Systems 11:5 (2024) 1-14

4. Data Analyses

Social websites are important resources for data
collection. In this study, we gathered 5338 online reviews as
well as ratings from SoftwareAdvise website using the
customized crawler. The Data analyses using ML
approaches were applied to reveal customers’ satisfaction
with the HHS applications. The process of analyzing the data
entails four major steps: Data imputation and pre-
processing, revealing customers’ dimensions of satisfaction,
segmenting the customers into different groups according to
their behaviors of ratings, and finally, applying the customer
prediction approach in order to predict the new customers
regarding their level of satisfaction.

Data cleaning and, and data imputation processes were
applied for textual reviews as well as criteria ratings. The
former entails deleting stop words, emails, single quote
characters, and consecutive whitespaces (e.g. tabs, newlines,
spaces) and replacing them with a single space character.
The latter involves the missing data imputation using
HOSVD for numerical criteria ratings.

The LDA topic modeling technique was applied to the
textual data in order to reveal the main topics that impacted
the customers’ satisfaction in HHS. Python programming
language and genism library were utilized in this process.
Using Pyldavis we visualized the extracted topics as
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presented in Fig. 5. Meaningful topic models should exhibit
large, non-overlapping clusters in the visualization,
indicating that the topics are distinct from one another and
easily separable (i.e., the clusters are “well-separated”).
Such models will be more interpretable than those with
small, overlapping, or scattered clusters (Nicolas et al., 2021,
Sievert & Shirley, 2014). We modified the number of topics
until we achieved data segments that do not overlap with
each other (N. Zhang et al., 2021). Consequently, obtained
10 topics that are segregated from each other. In figure. 5, on

Selected Topic: ‘1 H Previous Topic ‘ ‘ Next Topic H Clear Topic ‘

Intertopic Distance Map (via multidimensional scaling)

pPC2

PC1

Marginal topic distribution

Fig. 5. Topics Distribution

Following the data imputation and LDA topic modeling
approach, in order to understand the customers’ satisfaction
with each feature of the criteria ratings, the SOM clustering
technique was applied. Using the ‘minisom’ library in
Python for the SOM clustering approach, the customers were
segmented into six different groups each group representing
a particular level of satisfaction of the customers. The
customer segmentation process is essentially important for
predicting the satisfaction of new customers. We present six
segments of customers in Table 2. It is obvious in the Table
1 that customers in Segmentl have shown a very low level
of satisfaction with the HHS in general, especially for the
ease of use feature. In Segment 2 and Segment 3, the
customers expressed a moderate level of satisfaction in
general and were more satisfied with the value-for-money
feature compared to the remaining three features. In
Segment4 and Segment5 high level of satisfaction was
expressed. Finally, the customers in Segment 3 were highly
satisfied, especially with the first three features displayed in
the Table. 1.
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the left side, the 10 topics were visualized as circles; larger
circles indicate more prevalence of a topic. On the right side
of the Fig. 5, the top 30 most significant expressions related
to a particular topic were displayed. From these expressions,
it is obvious that the customers were interested in features
such as ease of use, time, and helpfulness. In Fig. 6, we
present a sample word cloud of a particular topic. From this
word cloud, it is clear that terms such as schedule, time,
online, efficiency, accessible, and flexible were prevalent
and caught the customers’ attention in the context of HHS.

Slide to adjust relevance metric:() ; ‘ ; .‘
A=1 0.0 02 04 0.6 0.8 1.0
Top-30 Most Relevant Terms for Topic 1 (57.7% of tokens)

0 1,000 2,000 3,000 4,000 5,000 6,000

fearure N
work: [I——
neip I

well
system

program [N

triencly |
client IR
new |
anow [
nna [
ove NN

report [N

Overall term frequency
I Estimated term frequency within the selected topic

1. saliency(term w) = frequency(w) * [sum_t p(t | w) = log(p(t | w)/p(t))] for topics t. see Chuang et. al (2012)
2. relevance(term w | topic t) = A * p{w | 1) + (1 - A) * p(w | ¥p(w); see Sievert & Shirley (2014)

In order to better inspect the customers’ rating behavior
for each feature and visualize them in 2-dimensional figures,
we applied the Principal Component Analysis (PCA)
approach which is a technique used for dimensionality
reduction. The outcomes of the customers’ rating behavior
are illustrated in Fig. 7. As presented in Fig. 7, it is obvious
that the customers’ had similar rating behavior in the
features of ease of use and functionality.

Finally, for the prediction of the new customers we
deployed CART. Prediction to which cluster the customer
belongs is important for the HHS owners. The CART
approach splits the dataset into smaller datasets to decrease
the Gini impurity which indicates the homogeneity of the
resulting subsets. We have presented the first four steps of
the CART algorithm in Fig. 8, which illustrates the process
of constructing a decision tree for the dataset. These steps
involve recursively partitioning the data based on feature
values, calculating the Gini impurity of each resulting
subset, selecting the feature that produces the greatest
reduction in impurity, and repeating the process until a
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stopping criterion is met. In the presented CART structure,
VFM refers to the value for money feature, F refers to
functionality, EoU refers to ease of use, and CS refers to the
customer support feature. In the presented CART algorithm
in Figure. 8, alongside each node and leaf, the gini impurity

lnf0|

(G) and sample size (S) were provided. It is clear that the
CART approach tries to split the dataset into smaller subsets
to reduce the gini impurity and increase the rate of the
prediction.
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Fig. 6. A Sample Word Cloud of a Topic

Table. 2. Customers’ Segments

ssentzal

Segmentl Segment2 Segment3 Segment4 Segment5 Segment6
EASE OF USE 0.92 3.97 3.74 45 45 5.0
VALUE FOR MONEY  2.14 4.0 4.58 45 4.75 5.0
CUSTOMER 3.0 3.66 4.28 45 4.75 5.0
SUPPORT
FUNCTIONALITY 3.05 3.66 4.58 4.25 45 4.75
CLUSTER SIZE 1141 613 583 828 487 1679
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Fig. 8. CART Structure

5. Discussion

Customer loyalty is influenced by customer satisfaction,
which is evidenced by positive comments, repeat purchases,
and the recommendation of the product or service to others
(Forgas et al., 2010; Nilashi, Abumalloh, et al., 2022). On
the other hand, customers may express their dissatisfaction
by sharing negative reviews, which can harm a business's
reputation or image (Namukasa, 2013). ML approaches can
be deployed In order to examine the customers’ online
reviews as well as criteria ratings to understand the factors
that affect customers’ satisfaction. Although ML approaches
have been utilized in previous literature to reveal customers’
satisfaction in the context of healthcare (Chatterjee et al.,
2021), revealing customers’ satisfaction in HHS using
textual reviews as well as criteria ratings hasn’t been
investigated widely. In addition, we deployed ML
approaches that are different from the aforementioned work
in order to inspect the data from a different viewpoint. With
the increasing population throughout the world, HHC has
become essentially important to mitigate the pressure on the

10
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health sector, especially during the COVID-19 pandemic.
HHS plays a key role in supporting the management of the
HHC business enterprises and constructing a bridge between
the patients and HHC providers. Hence this study focuses on
examining customers’ satisfaction to contribute to the HHC
by examining the online reviews of HHSs posted on
SoftwareAdvise website.

In order to reveal the factors that caught the attention of
the customers LDA topic modeling was utilized to extract 10
topics from the data. It is apparent from the word cloud
sample presented in Figure. 6. That customers were most
interested in terms and functions including scheduling which
plays an important role in HHS for scheduling appointments
for patients. Besides, customers were interested in other
features of the product such as accessibility, flexibility, and
efficiency. Following topic modeling, to understand the
rating behavior of customers in separate clusters, customers
were partitioned into 6 variant groups. In segment 1
customers were more satisfied with functionality and
dissatisfied with the ease of use. In segments 1 and 2,
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customers were relatively low satisfied with the HHS.
Segment 3 and 4 shows a moderate level of satisfaction in
general. In segment 5, the customers' level of satisfaction
was high, especially for value for money and customer
support. The customers in Segment 6 were highly satisfied
with all features. As presented in the Figure 7. our findings
revealed that customers have similar rating behavior with the
ease of use and functionality features. The extracted features
and topics from the data are significant in helping product

6. Conclusion, Limitations, and Future Work

Online reviews and criteria ratings posted on social
websites play a key role in understanding customers'
behavior, as well as their satisfaction. As such, these ML
approaches can be applied to this data to gain a bird's-eye
view of customers' preferences and dimensions of
satisfaction and dissatisfaction. Companies should leverage
the power of ML to analyze data and reveal hidden insights
about their customers' points of view as it helps them
enhance their software products, which leads to increased
software quality, profits and customer satisfaction. By
deploying the ML approach to examine UGC in HHS posted
on SoftwareAdise website, firstly, we revealed the
dimensions that impacted the custmoers’ satisfaction using
LDA. The LDA approach found 10 topics of the textual data.
The topics were well-separated using Python programming
language and the Genism library which indicates that the
approach was successful in finding the topics. LDA revealed
several dimensions of satisfaction that impacted the
customers’ satisfaction such as efficiency, accessibility, and
flexibility. Secondly, we partitioned the customers into 6
various clusters to understand the customers' preferences
based on the features of the ratings. These clusters are
important in predicting new customers’ level of satisfaction.
The levels of satisfaction consist of 6 levels including very
low, low, moderate, moderate close to high, high, and very
high. Our findings turned out that the customers have similar
rating behavior with ease of use and functionality. Finally,
we deployed the CART approach to predict new customers’
level of satisfaction. This study has few limitations in terms
of data collection and methodology. In order to have a
broader understanding, the data can be collected not only
using UGC but also from companies’ records. Having a big
dataset help researchers to reveal more accurate results as
well as broader insights. The UGC increases and differs over
time. Researchers can analyze the data based on specific
periods of time for future research. In terms of methodology,
using fuzzy logic and ANFIS can be deployed in the new
customer prediction stage to predict the customer’s level of
satisfaction. In future research, questionnaire-based
approaches such as PLS-SEM and smartPLS can be
deployed to analyze the customers’ satisfaction dimensions
revealed by LDA. Besides, the customers can be partitioned
using a clustering technique based on the extracted 10 topics
by LDA. These can give a broader insight into the
customers’ satisfaction in the context of HHS.
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owners as well as HHC providers in their decision-making
process. Therefore, they can improve the flexibility,
efficiency, accessibility as well as service quality of their
service or product. In order to help in the decision-making
process, we proposed a CART method that can predict the
level of satisfaction of the customers. This can help business
enterprises to have a better understanding of their customers’
satisfaction.
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