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Abstract: In the rapidly evolving digital healthcare market, ensuring both the activation of the market
and the fulfillment of the product’s social role is essential. This study addresses the service quality of
smart running applications by utilizing big data text mining techniques to bridge the gap between
user experience and service quality in digital health applications. The research analyzed 264,330 app
reviews through sentiment analysis and network analysis, focusing on key service dimensions
such as system efficiency, functional fulfillment, system availability, and data privacy. The findings
revealed that, while users highly value the functional benefits provided by these applications, there
are significant concerns regarding system stability and data privacy. These insights underscore the
importance of addressing technical and security issues to enhance user satisfaction and continuous
application usage. This study demonstrates the potential of text mining methods in quantifying user
experience, offering a robust framework for developing user-centered digital health services. The
conclusions emphasize the need for continuous improvement in smart running applications to meet
market demands and social expectations, contributing to the broader discourse on the integration of
e-commerce and digital health.
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1. Introduction

Historically, the health and well-being of the populace were primarily addressed
within the public sector, particularly within the domain of public health [1]. However,
health is now recognized as a highly valuable personal asset, which has led to the flour-
ishing of various business ventures within the private sector [1]. Unlike in the past, when
healthcare services were predominantly curative, proactive health behaviors and preventive
medicine have emerged as significant components of the healthcare industry [2]. Among
various health activities, running stands out due to its low entry barrier and high efficacy,
attracting many participants [3]. According to a 2023 Statista survey on annual outdoor
activity participation, 32% of the population engaged in jogging or running, ranking second
only to hiking at 44% [4]. This figure has risen consistently, from 23% in 2021, to 27% in
2022, and to 32% in 2023, indicating a steady increase in running and jogging participa-
tion [4]. Additionally, post-pandemic, marathon participation has surged, underscoring the
widespread popularity of running [4].

As interest in quality of life and the desire to improve health increase, a variety of
health-related applications are being offered in the app market. Smart healthcare applica-
tions that provide tailored health behavior and exercise coaching, considering individual
physical characteristics and lifestyle habits, are emerging as a dominant trend. Unlike gen-
eral healthcare apps, which focus on static functionalities such as appointment scheduling
or medication reminders, these smart health programs emphasize interactive and real-time
features, such as personalized coaching, activity tracking, and immediate feedback. These
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applications cover areas such as training, exercise tracking, dietary management, and per-
sonal health information management [5]. Among these, highly advanced smart running
apps that provide training coaching programs and utilize GPS and heart rate monitoring
functions for running assessment and physiological evaluation are gaining widespread
use [6,7]. According to Businessresearchinsight.com, the global running app market size
in 2023 was USD 562 million, showing a compound annual growth rate (CAGR) of 14.2%
since 2021 [8]. The Nike Run Club app surpassed 10 million downloads on the Google Play
Store as of 2024, and Strava recorded 50 million downloads [8].

Despite the rapid growth of the smart running app market, research on the services
themselves is relatively scarce. Understanding user experience is crucial for advancing
digital healthcare technology in a safer and more effective manner [9]. Past research has
focused on technological capabilities and functionalities, but to form a broad user base and
ensure continuous use, exploring consumer experiences and identifying service experience
elements is essential [10]. Existing studies have predominantly focused on the technical
performance, efficiency, and effectiveness of fitness apps [10], investigating relationships
such as user experience, continuous usage intention, and satisfaction using the Technology
Acceptance Model (TAM) [10,11]. For the developed technology to stabilize in the market, it
is necessary to segment the types of technology and understand the actual user experiences.
Thus, narrowing the research scope from the broad category of healthcare apps to the
recently developed smart health programs in application form can fill the gaps in previous
studies and provide meaningful information from a practical perspective.

There has often been a gap between the introduction of new technologies and user
experience. This gap can hinder the dissemination and popularization of the technology,
without sufficient information on accessibility and user experience. While research on
general health applications has provided foundational insights, it often remains at a broad
level that does not address the specific characteristics and challenges of recent smart health
programs such as smart running applications. These applications, categorized as health-
promoting behaviors, carry inherent risks; improper use can lead to injuries and potentially
endanger life. The interactive nature of these applications for users underscores the im-
portance of quantifying real user experiences for effective service management. Previous
studies indicate that the usability and utility of healthcare applications significantly impact
user satisfaction [12], which in turn contributes to continuous application use and health
improvement [12]. However, these studies frequently lack a focus on the direct VOC (Voice
of the Customer) such as actual user reviews, and do not consider the particular context and
service quality aspects relevant to smart running applications. Therefore, many researchers
advocate for the quantification of large-scale user review data and the use of structured
service evaluation frameworks to gain deeper insights into specific user experiences [12,13].

This study aims to identify the key factors of service quality by compiling all user
review data from 28 smart running applications launched on app stores into a big data set
and applying text mining and sentiment analysis techniques. Furthermore, we evaluate
the service quality index based on derived factors to assess the strengths and weaknesses
of running apps currently used in the market. Analyzing service quality using text min-
ing techniques is an effective method to systematically assess user reviews and feedback,
thereby clearly identifying the strengths and weaknesses of the application [14]. Unlike tra-
ditional research that relies on survey-based data collection, this study uses user-generated
data from web sources, which reflects authentic user experiences without researcher inter-
vention. This approach transforms unstructured data into structured insights and applies
big data analysis techniques, making it particularly valuable for understanding user satis-
faction, expectations, disappointments, and improvement requests. Through such analysis,
this study provides a systematic analysis of the service quality of smart healthcare applica-
tions, contributing foundational data for related research and enhancing the understanding
of digital intervention effects in the healthcare field. Practically, it offers actionable insights
for application developers and service providers to improve user-centered services, thereby
promoting user satisfaction and continuous use.
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2. Theocratical Background
2.1. Mobile Analytics in Sports and Health Applications

Today, mobile applications (apps) are becoming an increasingly important part of
our lives, especially in the sports and health sectors. These apps provide significant
benefits through various functionalities such as recording exercise data, setting health goals,
and offering personalized exercise plans. Mobile devices like smartphones, tablets, and
smartwatches run these apps using a specific operating system (OS) such as Android, iOS,
or Windows Phone OS. Most apps are available for download online from app stores like
the Apple Store, Google Play, and the Amazon App Store. According to Statista, as of June
2017, there were five million apps available for download from the Apple Store and Google
Play alone [15]. App stores also provide opportunities for users to comment on and rate
apps, giving valuable feedback to developers and other users [15].

Mobile analytics can generally be divided into two types: mobile web analytics and
app analytics. Mobile web analytics aims to capture the characteristics, actions, and
behaviors of visitors to a mobile company’s website [16]. This is very similar to traditional
website analytics, which collect and analyze various user data such as page views, clicks,
demographic information, and device-specific data [16]. Nowadays, it is crucial for all
company websites to be mobile-friendly. If a company fails to create a mobile-compatible
website environment, it risks losing customers and business [17].

Mobile app analytics focuses on understanding and analyzing the characteristics,
actions, and behaviors of mobile app users [16]. Today, most organizations, whether large
corporations or small businesses, use mobile apps to drive sales, enhance brand loyalty, and
enable purchases with just a few swipes. In the sports and health sectors, through mobile
apps on their smartphones, customers engage in various health management activities,
such as planning workouts, receiving real-time feedback, and analyzing their exercise
data [13]. Their experiences within the app are also recorded. Therefore, companies need
to thoroughly understand customer characteristics by analyzing feedback left by users to
gain a competitive advantage. In this context, this study focuses specifically on mobile app
analytics using text mining techniques.

Mobile analytics plays a particularly significant role in the sports and health sectors.
Healthcare and fitness apps greatly enhance user experience by providing personalized
exercise plans, real-time feedback, and post-exercise analysis features [11,13]. For example,
smart running coaching apps help users systematically manage their exercise data, thereby
fostering an environment conducive to health improvement [7]. These apps analyze users’
exercise habits, preferences, and feedback to promote continuous use and increase user
satisfaction [7]. Previous research indicates that the usability and utility of healthcare apps
significantly impact user satisfaction, which in turn contributes to continuous app use
and health improvement [9]. For instance, a study conducted on the Nike Run Club app
demonstrated that personalized coaching and real-time feedback significantly increased
user engagement and satisfaction, leading to improved health outcomes [18]. Another
research on the Strava app found that social features, such as sharing exercise achievements
and participating in challenges, enhanced user motivation and adherence to regular exercise
routines [19].

Therefore, this study aims to analyze user reviews of smart healthcare running apps
using big data text mining techniques to identify the key factors of service quality. This
analysis will provide practical insights for developing user-centered smart running apps,
offering actionable guidelines that can enhance user satisfaction and promote continuous
use. Ultimately, this will contribute to the advancement and widespread adoption of smart
healthcare running apps.
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2.2. Sports Application User Experience and Text Mining Research

As discussed earlier, the role of mobile applications in the sports and health sectors
is becoming increasingly significant. Sports applications offer users numerous benefits
through various functionalities such as recording exercise data, setting health goals, and
providing personalized exercise plans [20]. These apps play a crucial role in helping users
systematically manage their exercise data, thereby fostering an environment conducive to
health improvement [20].

Recently, text mining has emerged as a crucial tool for analyzing user experiences in
sports and health applications [21,22]. Text mining deals with extracting and analyzing
business insights from textual elements like comments, reviews, tweets, and blog posts [22].
Additionally, sentiment analysis modules are used to structure unstructured data to un-
derstand user sentiments or identify new themes and topics [22]. Organizations utilize
text mining techniques to extract hidden valuable meanings, patterns, and structures from
user-generated reviews for business intelligence purposes [14]. For instance, text analytics
are beneficial for quickly and accurately understanding emotions and sentiments expressed
in online channels related to a brand or a new product launch [17]. Text analytics has
evolved into a well-established field rooted in various domains, including data mining,
machine learning, natural language processing, knowledge management, and information
retrieval [22]. Through natural language processing and machine learning technologies, text
mining can extract, analyze, and interpret hidden business insights from the unstructured
textual elements of social media content or online reviews [23].

Sentiment analysis, another application of text mining, focuses on the automatic
extraction of positive or negative comments from text data [24]. Since text often contains
a mix of positive and negative sentiments, it is generally useful to identify the polarity
(positive, negative, or neutral) and the intensity expressed [24]. Sentiment analysis can
scan and monitor online information to identify important situations, major problems, and
new events [25]. The most commonly used sentiment analysis algorithms include SVM
(Support Vector Machine), Naive Bayes, Maximum Entropy, and Matrix Factorization, and
these classify text as positive or negative [24]. As the amount and value of online texts have
grown substantially, researchers’ interest in sentiment analysis has increased. Shoppers
regularly read posted reviews before choosing a product, hotel, or restaurant, and better
reviews help generate higher profits [26].

The application of data mining techniques in sports has expanded significantly, offer-
ing new insights and improving various aspects of sports management and performance.
For instance, Rossi et al. [27] focused on using data mining techniques to predict and
prevent injuries in athletes by analyzing historical injury data and training load metrics,
underscoring the importance of data-driven approaches in athlete health management.
Additionally, Kennedy et al. [28] examined the use of text mining to analyze social media
interactions among sports fans, providing insights into fan engagement and reactions to
various events, which are pivotal for sports marketing and fan relationship management.
Furthermore, Constantinou and Fenton [29] applied Bayesian networks to predict football
match outcomes, illustrating the growing sophistication of predictive analytics in sports by
integrating various data sources to develop robust predictive models.

As mentioned above, many studies in various service management fields have mea-
sured service quality using sentiment analysis, but there has been little research measuring
the service quality of sports applications through sentiment analysis. Understanding the
user experience of sports and healthcare apps is crucial. By analyzing textual data, such
as user reviews, we can evaluate the quality of services these apps provide and identify
areas for improvement to better meet user needs and expectations. This, in turn, enables
smart healthcare and fitness apps to offer more effective personalized services, increasing
user engagement and satisfaction. In conclusion, this study aims to deeply analyze the user
experience of sports applications through text mining techniques, and propose methods
for evaluating service quality based on this analysis. This will provide valuable insights
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for user-centered service improvements, contributing significantly to the development and
dissemination of sports and healthcare apps and optimizing user experiences.

2.3. Sports Application Service Quality

In the service industry, where experiences are sold to consumers, perceived quality
is a crucial factor in management and marketing. Over time, various models have been
proposed to quantify service quality. One of the most notable models is the SERVQUAL
model introduced by Parasuraman et al. [30]. According to this model, perceived quality
can be measured across five dimensions: tangibility, reliability, responsiveness, assurance,
and empathy. Santos [31] has evaluated this model as a fundamental tool for measuring
perceived quality from the consumer’s perspective. However, more recent research suggests
that these early conceptual models need to be diversified and adapted according to the
changing service environments and specific service contexts. In particular, the quality
perceived by consumers in the digitized mobile service industry creates a vastly different
environment compared to that in the past [32]. This is because a virtual environment is
now established where customers interact with technology instead of people, and the type
of service provided varies significantly depending on the purpose and environment in
which devices or programs are used [32].

To adapt to the changes in service quality measurement in the digital environment,
service quality evaluation models have also begun to evolve. Notably, Parasuraman
et al. [33] improved the previously proposed SERVQUAL model and developed the E-S-
QUAL model, a multi-item e-service quality scale. Initially, E-S-QUAL was primarily used
as a scale to evaluate the service quality of e-commerce websites. The basic E-S-QUAL scale
consists of 22 items across four dimensions: efficiency, fulfillment, system availability, and
privacy [33]. This model specifically measures how effectively, efficiently, and reliably a
website delivers services. With the advancement of mobile technology, service quality in the
m-commerce environment has been increasingly measured, leading to the expanded use of
E-S-QUAL. For instance, Huang and Lin et al. [32] developed five dimensions to measure
m-commerce service quality: contact, fulfillment, privacy, efficiency, and responsiveness.
This model has been utilized in various mobile service environments to assess service
quality with a focus on consumer experiences [32].

The subject of this study, mobile fitness/sports coaching services, falls under the
category of experience goods as educational and informational service content [34]. Sports
applications offer significant benefits to users through various functionalities, such as
recording exercise data, setting health goals, and providing personalized workout plans. In
the mobile sports and health sector, information on the service quality perceived by users
plays a critical role in optimizing user experience and encouraging continuous engage-
ment [34]. Fitness training or sports coaching requires specialized knowledge in sports
science and pedagogical expertise tailored to physical education [34,35]. Despite this, exist-
ing research has primarily focused on studying service satisfaction using traditional service
quality evaluation scales or mobile service quality evaluation models. Additionally, these
studies have predominantly relied on structured surveys rather than actual user experi-
ence data [36]. In a systematic review of mobile health app usability and quality rating
scales, Azad-Khaneghah et al. [36] found that the majority of mobile health application
service quality assessments utilize the E-S-QUAL model, which fails to adequately reflect
the technical specificities of the healthcare sector [37]. Furthermore, a significant limita-
tion of these studies is their focus on measuring service quality through surveys, which
are time-consuming, costly, and lack the accuracy and immediacy required for effective
management. Consequently, these survey-based methods do not support prompt and
proactive decision-making.

In other words, to address the limitations of past research, it is necessary to conduct
studies on measuring the service quality of sports and health applications by focusing on
the characteristics of service quality as perceived through physical changes or sensations in
mobile services such as healthcare, fitness training, and sports training. Additionally, more
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empirical research should be conducted using data-driven approaches that leverage actual
user experiences or voice of customer.

Recent advancements in machine learning and natural language processing technolo-
gies have made it possible to complement traditional service quality measurements by
utilizing customer online reviews, thus addressing some of the limitations of past research
in other fields. In particular, there has been an increasing number of studies applying
sentiment analysis to measure service quality in service sectors [38], hotel service [37,39].
Therefore, this study aims to build a big data set of actual smart running application re-
views, refine the data using natural language processing and sentiment analysis techniques,
and evaluate service quality scores based on the four dimensions of healthcare app service
quality proposed in previous studies like that of Azad-Khaneghah et al. [36]. Ultimately,
this approach seeks to overcome the limitations of traditional survey-based measurement
methods by analyzing user reviews through machine learning and natural language pro-
cessing, thereby proposing a more accurate service quality evaluation method that reflects
user experiences. This will significantly contribute to the development of sports and health
apps and enhance user satisfaction.

3. Research Method

This study aims to measure the quality of smart running applications that record and
coach individuals’ running activities by collecting review text data and utilizing sentiment
analysis and keyword analysis. The evaluation of user experiences and service quality
through review texts can be considered a Critical Incident Technique (CIT), which analyzes
service attributes by leveraging memorable experiences recalled by actual users. Many UX
(user experience) research studies have utilized this approach [37–39]. In particular, this
study further incorporates various techniques, including big data analysis, text mining,
sentiment analysis, and service quality score measurement. The specific procedure of this
study followed a five-step process, as illustrated in Figure 1.
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3.1. Setting Analysis Target

In the first step, all smart running applications listed on the Google Play Store were
assembled, using keywords such as running, marathon, health, training, and home training.
Based on this search, the main applications for review collection were selected. As shown
in Table 1, a total of 17 applications were initially chosen as targets for data collection.
These applications were selected because they had significant usage periods and download
numbers, sufficient to represent smart running applications. Additionally, each application
had accumulated over 10,000 review entries in the past year. A comprehensive scan of all
existing smart running applications was performed and, from these, reviews of actively
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used applications were selected based on user engagement and popularity. This approach
ensured the inclusion of high-quality learning data capable of delivering meaningful
insights into user experiences.

Table 1. List of applications analyzed in this study.

Name Number of Users
(in 10,000 s) Rating N of Reviews

(in 1000 s)

1 Running–Jogging Tracker 500 4.7 6408

2 Start Running
Running for Beginners 100 4.9 1009

3 RunDay 100 4.7 1487

4 Tranggle 100 4.4 948

5 ASICS Run keeper 1000 4.5 8475

6 FITAPP 100 4.3 1548

7 GPS Running Cycling and Fitness 500 4.8 6068

8 Just Run: Zero to 5 K 10 5 125

9 Leap Map Runner 1000 4.8 12,475

10 Nike Run Club 1000 3.9 21,079

11 Pacer Pedometer 1000 4.8 5871

12 PUMATRAC Run, Train, Fitness 100 4.6 1040

13 Strava 5000 4.3 60,377

14 Under Armour MapMyRun 1000 4.8 7475

15 Wahoo 100 4.8 1456

16 Polar Flow 500 3.9 6238

17 Garmin Connect 1000 4.7 21,475

3.2. Data Collection and Refinement

In the second step, we accessed the Google Play Store review pages for the applications
selected in the previous step and crawled the reviews posted over the past six months
(from 1 September 2023 to 28 February 2024). To execute the crawling, we used Python
13.12.1 and employed the Selenium module for dynamic crawling. Text data that contained
fewer than five characters, consisted only of exclamations and emojis, or included profanity
were excluded from the analysis, and tokenized data was stored in the database. As of
8 April 2024, a total of 254,231 reviews that had been posted on the Google Play Store for
the 17 selected applications over the past six months were set as the target for analysis and
stored in the database. After filtering out 90,678 reviews that had fewer than five characters,
consisted only of exclamations and emojis, or contained profanity, 163,553 reviews were
retained for analysis. This second step allowed for the identification of frequently occurring
words, as well as the construction of the overall network relationships between words
within the entire dataset.

3.3. Sentiment Analysis

In the third step, as a preliminary stage for evaluating service quality, sentiment
analysis of the reviews was conducted. The reviews were categorized into three levels:
positive, negative, and neutral. Neutral reviews were excluded from the service quality
analysis. The Korean text sentiment analysis used in this study employed a supervised
machine learning method based on training data to calculate the degree of subjectivity in
the text and the polarity of sentiment (positive/negative). Specifically, the analysis was
performed using the TEXTOM software (Version 5.0), which utilizes a machine learning
technique with a Bayesian classifier for sentiment analysis. The sentiment dictionary
embedded in TEXTOM, along with a sentiment dictionary developed for this study, was
used as the base training data. Seventy percent of the collected data was used for training,
and the remaining 30% was used as test data. The polarity of the sentiment in the review
text data was classified as positive or negative, and the accuracy of the model was tested
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using the Naive Bayes algorithm. The F-score, which is the harmonic mean of precision
and recall, was calculated, and a score of 70% or higher was considered adequate for a
social science approach [40]. To further enhance the reliability of the data, an inter-coder
reliability test was conducted. A sample of 500 reviews was provided to three coders, who
manually classified the sentiment as positive or negative. After verifying the consistency
among the coders for all measurements, a data matrix was created, and the agreement level
was calculated using Fleiss’ Kappa statistic to ensure it was at an appropriate level. Fleiss’
Kappa, which measures the agreement among three or more coders, ranges from −1 to 1,
where a score of 0.61 or higher is considered good agreement, and a score of 0.81 or higher
indicates very high agreement [41].

3.4. Text Mining—Service Quality Dimension

In the fourth step, text mining analysis was conducted separately on the classified
positive and negative reviews. Text mining is an analytical method used to extract and
refine words from unstructured textual data through natural language processing and
morphological analysis. This method is employed to identify word frequency, word
similarity, and co-occurrence frequency between words [42]. In this study, the text mining
program Textom, which is specialized in text analysis, was used.

The refined data from the previous steps underwent several analyses using Textom,
including word frequency analysis, annual keyword N-gram analysis, and centrality index
analysis using TF-IDF (Term Frequency–Inverse Document Frequency). Specifically, the results
of the simple frequency analysis were used to calculate the frequency of each word, and the
top 100 words were visualized through a word cloud to provide an intuitive understanding
of the data content. The N-gram analysis was performed to examine the co-occurrence and
density between the main topic keywords and related keywords, calculating the co-occurrence
frequency and directionality of the two keywords. The TF-IDF analysis provided a value
indicating how important a specific word is within a particular document, taking into account
the importance weighting across the entire set of documents. This allowed for a comprehensive
understanding of the characteristics of both positive and negative review data.

3.5. Service Quality Dimension Score

In the fifth step, to derive scores based on detailed service quality dimensions, the
positive and negative datasets were classified according to the service quality evaluation
domains and then scored. First, to separate the datasets, the refined positive and negative
datasets were categorized into four service quality evaluation domains, and keyword
network clustering analysis was performed to reclassify the data. Specifically, the service
quality evaluation domains utilized the four dimensions of online application service qual-
ity measurement proposed in studies related to the E-S-QUAL model [36,38,39]: efficiency,
fulfillment, system availability, and privacy. After creating a word distance similarity
matrix, the clustering method was applied to group words with the closest distances. The
four service quality evaluation domains mentioned above were theoretically applied in the
process of distinguishing and labeling the clusters.

While the traditional SERVQUAL and E-S-QUAL models have been pivotal in mea-
suring service quality, recent research highlights the limitations of these survey-based
approaches in capturing real-time user feedback. For instance, Azad-Khaneghah et al. [36]
pointed out that these conventional methods often lack the immediacy and richness pro-
vided by analyzing large-scale user-generated data. Liu et al. [38] further demonstrated that
sentiment analysis allows researchers to understand user perceptions with greater precision
and speed, bridging the gap between static survey data and dynamic user experiences.
This aligns with Duan et al. [43], who showcased the effectiveness of using sentiment
analysis to quantify service quality through actual user reviews. Therefore, while rooted in
traditional service quality frameworks, this study’s approach modernizes these models by
incorporating sentiment-based text analysis to derive more actionable insights.
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Finally, the service quality scores for the classified data were derived using Figure 2.
The service quality scores derived in Figure 2 were chosen based on their ability to effec-
tively quantify user sentiment through text data, aligning with methodologies supported
by prior research [36,38,43]. Specifically, this formula, initially utilized by Duan et al. [43],
is grounded in sentiment analysis techniques that measure the proportion of positive and
negative reviews to reflect service quality comprehensively. This approach is consistent
with the findings of Azad-Khaneghah et al. [36], who highlighted the limitations of tradi-
tional survey-based quality measurements, emphasizing the importance of data-driven
methods. Furthermore, Liu et al. [38] demonstrated that sentiment-based analysis allows
for more immediate and precise feedback compared to conventional models. By integrating
this formula, the study aimed to align with these modern, data-centric practices, ensuring
that the results accurately capture the Voice of the Customer for strategic insights.
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Here, Si represents the service quality score in dimension “i”, Npi represents the
number of positive documents in dimension “i”, and Nni represents the number of negative
documents in dimension “i”. The service quality score is calculated by comparing the
difference between the positive and negative review counts and normalizing this difference
by the total number of reviews. This method ensures that the score ranges from −1 to
+1, where a positive score indicates that positive feedback predominates, signaling user
satisfaction, while a negative score suggests that negative feedback is more prevalent,
pointing to user dissatisfaction.

For instance, if a particular dimension “i” has 100 positive reviews and 50 negative
reviews, the score will be positive, reflecting the stronger presence of positive sentiment.
Conversely, if dimension “i” has 30 positive reviews and 70 negative reviews, the resulting
score will be negative, indicating a higher level of dissatisfaction in that service area. This
calculation helps balance the sentiment impact, offering a comprehensive view of user
feedback and aiding in identifying areas for potential improvement.

4. Results
4.1. Term Frequency and Network Analysis

From the 264,330 noun phrases analyzed from the app reviews, 100 words with a length
of two or more characters and a TF-IDF (Term Frequency–Inverse Document Frequency)
score of 0.5 or higher were extracted and are summarized in Table 2. This dataset excludes
words that directly express sentiment, such as “good” or “bad”, and instead focuses on
words that reflect user experience and functional aspects of the app.

The frequency analysis reveals that the most frequently mentioned word was “record”,
with a total of 11,491 mentions. This indicates that the feature of recording exercise data
is highly valued by users of the smart running application, and it is consistently utilized.
The frequency of the word “record” reflects that one of the core values provided by the
app to its users is the ability to track and log their exercise data. Other frequently men-
tioned words included “exercise” (9431 mentions), “use” (7992 mentions), and “running”
(7218 mentions), which demonstrate that the app is widely used as a primary tool for
supporting users’ exercise and running activities. These words highlight the key elements
that users consider important when planning and executing their exercise routines through
the app, as well as when reviewing the outcomes.
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Table 2. Term frequency.

Rank Word Frequency Rank Word Frequency

1 Record 11,491 51 Display 2006

2 Exercise 9431 52 Gallery 1824

3 Use 7992 53 Thanks 2260

4 Running 7218 54 Data 1881

5 Login 6154 55 Resolve 1941

6 Error 5961 56 Pace 1947

7 Best 5252 57 Information 2272

8 Distance 4823 58 Participate 2121

9 Function 3897 59 Competition 2246

10 Save 3823 60 Automatic 1779

11 Sync 3603 61 Button 2218

12 Measure 3416 62 Speed 1774

13 Motivation 3246 63 Recommend 2244

14 Running 3107 64 Certification 2259

15 Time 3418 65 Friend 1994

16 Update 3212 66 Android 1848

17 Watch 3420 67 Middle 2090

18 Accuracy 2693 68 Phone 1920

19 Sign up 2953 69 Location 1800

20 End 2572 70 Map 1786

21 Photo 2444 71 One 2178

22 Delete 2890 72 Loading 1843

23 Screen 2660 73 Person 1997

24 Install 2608 74 Bug 1684

25 Marathon 2796 75 Run 1770

26 Running 2660 76 Because 1745

27 Settings 2343 77 Convenient 1924

28 Start 2703 78 Thanks 1908

29 Useful 2750 79 First 1978

30 Help 2568 80 Add 2010

31 Share 2516 81 Payment 1748

32 Satisfaction 2197 82 Frozen 2025

33 Grant 2419 83 Free 2040

34 Edit 2398 84 Thought 1861

35 Problem 2573 85 Selection 2005

36 Activity 2139 86 Music 1816

37 Logout 2493 87 Voice 1707

38 Request 2372 88 Occur 1631

39 Confirm 2252 89 Coach 1645

40 Improvement 2486 90 Member 1864

41 Need 2083 91 Account 1820

42 Infinite
Loading 2191 92 Stop 1699

43 Use 2179 93 After 1698

44 Inconvenience 2229 94 Method 1623

45 Manage 2296 95 Complete 1826

46 Strange 1985 96 Annoying 1828

47 Lag 2116 97 Trash 1661

48 Possible 2241 98 Complete 2013

49 Connect 2068 99 Challenge 1941

50 Display 2063 100 Error 1864
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Furthermore, words such as “error” (5961 mentions), “login” (6154 mentions), “dis-
tance” (4823 mentions), and “measurement” (3416 mentions) were also commonly men-
tioned. The high frequency of the word “error” suggests that there is a significant amount
of user dissatisfaction regarding technical issues encountered during app usage. This
indicates a need for improvements in the app’s stability and reliability, as these issues can
decrease user satisfaction and hinder continued usage. The high frequency of the words
“login” and “measurement” is also noteworthy, as these reflect key experiential factors that
users prioritize when accessing the app and utilizing its various features. Feedback related
to issues during the login process or to the accuracy of the measurement function can
significantly impact the overall quality of the user experience. Figure 3 visually represents
the frequency of word occurrences and their relationships
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4.2. Sentiment Analysis Result

The sentiment analysis of the final 163,553 review texts revealed that 36.71% (60,040 reviews)
of users expressed positive sentiments, while 43.29% (70,802 reviews) expressed negative
sentiments. This indicates that users of the 17 smart running applications tended to leave
more negative reviews than positive ones. It suggests that the review pages are often
used as platforms for customers to voice their complaints. Additionally, to assess how
well the sentiment polarity was classified, we calculated the accuracy, precision, recall,
and F-score. The accuracy was found to be 87.5% and the recall was high at 86%, but
the precision was relatively low at 61%. Nevertheless, the F-score, calculated using the
formula F-Score = 2 × (Precision × Recall)/(Precision + Recall), was 71.37, which exceeds
the generally accepted threshold of 70% for social science research [40]. Furthermore,
the inter-coder reliability test, conducted to enhance the data’s reliability, showed a high
Fleiss’ Kappa value of 0.78. The positive and negative review data classified through
sentiment analysis were subsequently used as the analysis data set for the service quality
measurement conducted later.

4.3. Service Quality Review Text Mining Analysis

The keyword groups for each service quality dimension and examples of review
comments are presented in Table 3. Among the 100 most frequently mentioned words
collected through data mining, words with high centrality and an Eigenvector Centrality
value of over 0.5 were grouped accordingly. As mentioned earlier, the four dimensions
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of service quality evaluation scales proposed in prior research were referenced for this
grouping: App System Efficiency, Function-Related Fulfillment, System Availability, and
Data Privacy. Table 3 presents the keywords and representative review examples for each
of these dimensions.

Table 3. Definitions and keywords for service quality.

Dimension Keyword Example Comment

App System
Efficiency

fast speed, quick updates, ease of use,
intuitive UI, automatic, map, location,
slow response time, complex interface,

delayed updates, lack of features,
integration issues, crash, error

[P] “The records and other summaries are well-organized, making it easy to
view. The intuitive UI and quick updates make it convenient to check how
far I’ve run, how many calories I’ve burned, and my location on the map.”
[P] “I tried it for the first time today, and it’s really convenient and accurate,
providing fast speed and automatic voice notifications for speed by section,
distance covered, route, and calories burned.”
[N] “After finishing a run, errors frequently occur when trying to save the
record, leading to the app crashing, the data not being saved, or the map and
previous activities being lost, highlighting integration issues and slow
response time.”
[N] “It’s extremely frustrating when, after running hard, the app’s delayed
updates and slow response time result in errors while saving my running
records. The app’s reliability is low, with crashes and a complex interface
making it not worth using due to the lack of essential features.”

Function-Related
Fulfillment

coaching, appropriate guidance, good
functionality, integration, marathon
preparation, exercise goals, exercise

records, coaching, noise, voice
guidance, GPS

[P] “It really helps me pace myself and improve my records! The coaching
feature provides appropriate guidance, and the challenges keep me motivated
to continue, making it feel like completing quests in a game.”
[P] “After installing this app and starting to run without any plan, now, 8
months later, I can comfortably run 7–8 km regardless of my condition. The
exercise records and route history are great for marathon preparation and
tracking my progress.”
[N] “I’m unable to set up my own exercise goals or coaching plan. When I
input my current status and press complete, the integration fails, and an
error occurs. Even after retrying, it just keeps repeating the
process endlessly.”
[N] “It would be nice to have the option to turn off voice guidance. I always
use the app for running, even when I’m walking, but there are times when
the voice becomes too noisy and distracting.”

System
Availability

stable performance, high availability,
no downtime, system operation,

accuracy, distance, measurement, time,
storage, technical issues, server

instability
system downtime, instability, errors,

data loss, interruption

[P] “It’s free, and the exercise records are detailed, which is really great. The
app offers stable performance with high availability, making it enjoyable to
track my progress day by day. I highly recommend everyone download this
useful app and work out hard. Sincere thanks to the developers.
Thank you.:)”
[P] “It measures running data, including distance and time, in real-time
with complete accuracy. Also, since the records are reliably saved, I can
easily compare before and after to evaluate my performance and improve in
my next run. Very good.”
[N] “It frequently experiences system downtime, leading to lags and
slowdowns. Tracking often stops when running other apps, which points to
system instability. Despite these technical issues, I continue using it due to
its clean interface.”
[N] “I’ve saved 500 km of running records over the past two years, but
when I logged in today after suddenly being logged out, everything was
reset...!!! This data loss due to server instability is unacceptable!!!”

Data
Privacy

protection, security, privacy, screen
record, login, logout, personal data
information, personal data, leaks,
vulnerabilities, invasion, deletion,

hacking

[P] “I love that I can save my running records with photos, creating great
memories while ensuring my personal data is securely stored. My personal
exercise journal is coming together, making this app even more precious
to me.”
[P] “I’m using it well. Once, the data didn’t load and the screen froze, so I
deleted and reinstalled the app, and my records were still protected and
intact. It’s good.”
[N] “It’s frustrating that the app requires logging in every time I enter. I
keep using it because I don’t want to lose my personal data, but the login
process feels like an invasion of privacy. I’m also amazed at the incredibly
slow response to security vulnerabilities, despite numerous complaints in
the past.”
[N] “I logged in with my friend’s account once, and all of my friend’s
personal information remained on the app. It makes me uncomfortable to
think that my data could be vulnerable to leaks or hacking. The app should
ensure that personal information is fully deleted after logging out, especially
when using a different device.”
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Firstly, App System Efficiency measures how quickly and reliably a smart running
application operates. It includes the app’s response speed, stability, and user interface con-
venience, assessing how smoothly users can record their workouts or receive feedback—an
essential factor in evaluating the user experience. In this dimension, users positively evalu-
ated the app’s fast speed and intuitive UI, but there were complaints about slow response
times and errors in data storage. Positive reviews frequently mentioned keywords such
as “fast speed”, “convenience”, and “auto-save”, reflecting high ratings for the app’s effi-
ciency and user-friendliness. On the other hand, negative reviews frequently cited issues
like “lag”, “errors”, and “functional faults”, indicating user dissatisfaction with the app’s
reliability and stability.

The second dimension, Function-Related Fulfillment, assesses how well the appli-
cation’s features meet user expectations. For a smart running app, this includes the ef-
fectiveness of personalized training programs, workout data analysis, and goal-setting
features. In this dimension, users appreciated the coaching functionalities and the utility of
workout record management, but issues like integration errors and inconvenient voice guid-
ance were highlighted as problems. Positive reviews showed that users were particularly
satisfied with features such as “free guide”, “goal setting”, “GPS”, and “training provi-
sion”, which met their fitness and training needs. However, negative reviews frequently
mentioned dissatisfaction with issues such as “noise”, “training errors”, “inappropriate
guidance”, “slow timing”, and “inaccurate metrics”, indicating problems with inaccurate
training or metric information.

The third dimension, System Availability, refers to how reliably the application can be
accessed when needed. This dimension is particularly related to the app’s server stability
and its ability to provide continuous service, which is crucial for real-time information
access, feedback during workouts, and the secure storage of data. In this dimension,
positive feedback focused on keywords such as “stable service” and “always connected”,
suggesting that users highly value the app’s stability and connectivity. However, negative
feedback frequently mentioned problems such as “unable to connect” and “server down”,
pointing out serious issues with the app’s availability.

Finally, the Data Privacy dimension reflects how well a smart running application
protects users’ personal information. This includes maintaining security when handling
sensitive data such as workout records and personal health information, which is essential
for building user trust. The analysis showed that the importance of personal data protection
was emphasized in this dimension, with user complaints about frequent login requests and
security vulnerabilities. Keywords like “protection of personal information” and “security
features” appeared frequently in positive reviews, showing that users had a favorable
perception of the app’s security and privacy protection functions. However, negative
reviews were dominated by concerns such as “data leakage” and “security vulnerabilities”,
reflecting users’ concerns about the app’s ability to safeguard their personal information.

4.4. Service Quality Score Measurement

To derive the service quality scores for each detailed service dimension, the positive
and negative datasets were classified according to the service quality evaluation areas,
and scores were calculated for each area based on the number of reviews (Table 4). The
classification was conducted by separating the positive and negative datasets and then
categorizing them into four service quality evaluation areas. WordNet 2.1 was utilized to
systematically expand synonyms and related terms of the key keywords for each dimension,
and this expanded list was used to automatically classify the entire review data.

The analysis results showed that, out of a total of 65,240 reviews, 27,058 (41.5%) were
positive, while 38,182 (58.5%) were negative. This indicates that users of the analyzed smart
running applications left more negative than positive reviews overall. When examining
the total number of reviews by area, it was found that users were most concerned with
the “App System Efficiency” and “Function-Related Fulfillment” dimensions. In the “App
System Efficiency” area, a total of 34,695 reviews (approximately 21.21% of all reviews)
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were collected while, in the “Function-Related Fulfillment” area, 41,360 reviews (about
25.28%) were collected. This suggests that users are most interested in the system efficiency
and the degree to which the functions provided by the smart running applications meet
their needs. In contrast, there were relatively fewer reviews on “System Availability” and
“Data Privacy”, with 33,733 (about 20.63%) and 21,054 (about 12.87%) reviews, respectively,
indicating lower user concern about system accessibility and data protection issues.

Table 4. Frequency of reviews and service quality scores for each dimension.

Dimension
Number of

Positive
Reviews

Number of
Negative
Reviews

Service Quality Score

App System Efficiency 16,062 18,633 −0.0741

Function-Related Fulfillment 27,058 14,302 0.3084

System Availability 9066 24,667 −0.4625

Data Privacy 7854 13,200 −0.2539

When looking at the proportion of positive and negative reviews by area, “Function-
Related Fulfillment” had significantly more positive reviews (27,058) than negative ones
(14,302), suggesting that users are generally satisfied with the functions provided by
the applications. On the other hand, in the “App System Efficiency” area, there were
slightly more negative reviews (18,633) than positive ones (16,062), indicating some user
dissatisfaction with the system’s efficiency, such as response speed and stability. For
“System Availability” and “Data Privacy”, negative reviews (24,667 and 13,200, respectively)
far exceeded positive ones (9066 and 7854, respectively). The high proportion of negative
reviews for “System Availability” suggests that users have serious complaints about server
stability and connection issues. Similarly, the large number of negative reviews for “Data
Privacy” indicates user concerns about issues related to personal data protection. The
high level of positive feedback on “Function-Related Fulfillment” suggests that functional
fulfillment greatly contributes to user satisfaction, while the low positive ratios for “System
Availability” and “Data Privacy” imply a need for improvement in these two areas.

To go beyond simply the proportion of positive and negative reviews, service scores for
each dimension were calculated to more clearly evaluate the specific complaint elements
and user experiences indicated in the review content. Even if the number of positive
reviews exceeds the number of negative ones, the service score may still be low if it reflects
specific issues within that dimension. The analysis of service scores revealed that, among
the four service quality dimensions, “Function-Related Fulfillment” recorded the highest
score (0.3084), while “System Availability” and “Data Privacy” showed the lowest scores
at −0.4625 and −0.2539, respectively. The service score for “App System Efficiency” was
moderate at −0.0741, reflecting mixed user evaluations of app efficiency. The analysis
of service scores plays a crucial role in understanding the quality of each dimension,
indicating that scores closer to 0 generally mean a balance between positive and negative
sentiments, while scores closer to a positive value suggest a predominance of positive
evaluations. Therefore, these results help to clearly identify key areas in need of service
improvement, suggesting that user satisfaction is likely to remain low unless issues in
“System Availability” and “Data Privacy” are addressed.

5. Discussion

This study aims to deeply analyze user experiences with smart running applications
through text mining and sentiment analysis, and subsequently evaluate service quality
based on these insights. Such research holds significant potential to contribute to the
development of user-centered services in the digital healthcare market by quantifying
user experiences and extracting actionable insights. As discussed in the introduction
and theoretical background, the usability of healthcare applications is directly linked to



J. Theor. Appl. Electron. Commer. Res. 2024, 19 3366

user satisfaction, which in turn contributes to the continued use of the application and
overall health improvement. However, previous studies often failed to incorporate Voice
of the Customer (VOC) data, such as actual user reviews, or did not consider the specific
characteristics of particular application types. In response, this study leveraged big data
text mining techniques to quantify unstructured data from real user reviews, thereby
assessing user experiences and service quality in the smart running application market.
In this section, the discussion centers on the four main research findings, exploring their
academic and practical implications, along with the study’s limitations and suggestions for
future research.

First, the term frequency and network analysis results identified specific features
that users predominantly focus on in running applications. By analyzing 264,330 noun
phrases within app reviews, the most frequently mentioned word was “record”, cited
11,491 times, indicating that data recording plays a central role in the user experience of
smart running apps. The ability to track and log exercise data is a core value provided by
these applications, underscoring the importance of accurate and reliable data recording
features. Previous research has reported that tracking functionalities in fitness applications
are a primary motivation for users and are directly related to user satisfaction [6,35].
Additionally, the frequent mention of related terms such as “distance” (4823 mentions),
“save” (3823 mentions), and “measure” (3416 mentions) illustrates that users primarily use
smart running applications to manage and improve their exercise routines.

However, the analysis also revealed significant user dissatisfaction related to the
technical aspects of the apps. The word “error” was mentioned 5961 times, reflecting
widespread frustration with technical issues encountered by users. While core features such
as data recording are valued, technical problems may prevent users from fully benefiting
from the app, thereby compromising the overall user experience. This finding is consistent
with other studies in the field of mobile application usability [38], which emphasize the
importance of technical stability in user satisfaction and retention. Furthermore, terms like
“login” (6154 mentions), “inconvenience” (2486 mentions), and “display” (2006 mentions),
which were frequently mentioned in close association with “error”, highlight the critical
role of a smooth user interface experience and accurate functionality, as issues in these
areas can lead to significant user dissatisfaction.

Secondly, the sentiment analysis and service quality text mining results provide impor-
tant insights into the core elements of the user experience with smart running applications.
The sentiment analysis revealed that 43.29% of the 163,553 reviews were negative, sur-
passing the 36.71% that were positive. This suggests that users often use review pages to
voice their complaints which, from a research perspective, can be viewed positively as it
provides valuable data for analysis. Negative feedback, in particular, can be leveraged as
an opportunity for service improvement, and offers critical clues for a deeper analysis of
user experiences. This indicates that the findings of this study have significant practical
implications. Additionally, the sentiment analysis yielded an accuracy of 87.5% and an
F-score of 71.37, both exceeding generally accepted thresholds in social science research,
supporting the reliability of sentiment analysis as a method for quantifying user experiences
and evaluating service quality. Consequently, applying such analysis methods in various
fields may allow for the quantitative analysis of user experiences, which are often difficult
to capture using traditional survey methods. Therefore, the results and methodologies of
this study offer valuable insights both academically and practically.

Thirdly, the text mining analysis offers a detailed view of user experiences across
the four major dimensions of service quality: App System Efficiency, Function-Related
Fulfillment, System Availability, and Data Privacy. In the App System Efficiency dimen-
sion, users positively evaluated the apps’ fast speeds and intuitive UIs but expressed
dissatisfaction with delayed response times and data storage errors. This aligns with the
key factors emphasized in the Technology Acceptance Model (TAM), such as ease of use,
connection speed, and interface usability, which play a crucial role in user satisfaction and
dissatisfaction. In the Function-Related Fulfillment dimension, the analysis revealed the
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causes of user satisfaction and dissatisfaction with the features provided in fitness training
programs. Users were particularly satisfied with personalized training plans, motivational
messages based on their past records, and coaching messages, while non-scientific training
methods, inconvenient voice functions, noise, malfunctions, and feature conflicts were
identified as major sources of discomfort. The System Availability and Data Privacy di-
mensions highlighted more general issues, with server instability and access problems
being prominent in the System Availability dimension, and strong demands for personal
data protection in the Data Privacy dimension. Delays in access, which are crucial in smart
running applications where real-time information access and feedback are important, can
negatively impact users’ stable and continuous usage, and concerns about data leakage and
security vulnerabilities can lead to users discontinuing the app if their sensitive information
is not adequately protected. Particularly for fitness apps that handle sensitive information
like location and physical data, these concerns are even more critical. Thus, the analysis
confirms that stable system usage is a key factor in building user trust, as with other types
of applications.

Finally, the service quality score measurement results derived from this study provide
various insights by quantifying user satisfaction across different dimensions of service
quality in smart running applications. Specifically, quantifying unstructured textual data
into service quality dimensions and using this to clearly evaluate user experiences en-
ables the identification of areas for service improvement with greater clarity by providing
numerically comparable data. This approach is also significant in that it addresses the
limitations of traditional qualitative analysis. Upon closer examination, the highest score
was recorded in the “Function-Related Fulfillment” dimension (0.3084), indicating general
user satisfaction with the functional benefits provided by the application. Conversely, the
low scores in the “System Availability” (−0.4625) and “Data Privacy” (−0.2539) dimensions
suggest serious user dissatisfaction in these two areas. This indicates that, while users
are generally satisfied with the coaching, exercise record management, and goal-setting
functions offered by the application, there is significant concern regarding personal data
protection, as evidenced by the substantial level of dissatisfaction.

6. Conclusions

The comprehensive conclusion of this study highlights the critical importance of
quantitatively analyzing user experiences in evaluating the service quality of smart running
applications. However, this study has several limitations. First, the research data is based
on reviews collected at a specific point in time, which may not fully reflect the potential
changes in user experience over time. Second, the study relies on the subjective experiences
of review authors, which may not represent the experiences of all users. These limitations
could be addressed in future research by collecting data across various time points and
analyzing a broader range of user samples. Future research should aim to overcome these
limitations by conducting more comprehensive user experience analyses. For instance,
research incorporating real-time data collection and analysis techniques would be beneficial
to continuously monitor changes in user experience. Additionally, comparative analyses
of various types of digital healthcare applications could identify user needs specific to
particular application types. Such follow-up research would provide crucial foundational
data for developing user-centered services in the digital healthcare market and contribute
to the advancement of not only smart running applications but also a wide range of
healthcare services.
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