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Abstract

The rapid growth of mobile sports and health & fitness applications has created challenges for large-scale collection
and classification, which have traditionally relied on labor-intensive manual processes and feature-engineered or
supervised machine learning approaches. This study addresses this challenge by developing a scalable method for
constructing structured datasets of mobile applications. Following a design science research approach, we develop
a large language model-based artifact that integrates automated data collection with LLM-based classification.
The artifact achieves high agreement with human classification while significantly reducing processing time,
demonstrating that LLM-based approaches enable scalable and flexible classification without predefined features
or labeled training data. The study contributes methodologically by demonstrating the feasibility of LLM-based
artifacts for large-scale classification, and empirically by enabling systematic analysis of application ecosystems
in SportsHCI. To support transparency and reuse, the dataset (~47,000 applications) and artifact implementation
are available for public access.
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1. Introduction

Mobile Sports and Health & Fitness (SHF) applications form a large and increasingly diverse domain, with
over 100,000 applications available across major application stores. For example, the Google Play Store
alone contains over 80,000 applications in the Health & Fitness category and nearly 40,000 in the Sports
category [1]. While this scale creates opportunities for Sports-related Human—-Computer Interaction
(SportsHCI) research, it also introduces challenges for systematically collecting and structuring large-
scale application datasets, particularly when relying on manual approaches.

SHF applications can be broadly classified into two main types: tracking applications that measure
users’ physical activity, and instructional applications that support individual training [2]. Modern
smartphones are also equipped with built-in sensors, which enable applications to capture physiological
and biometrical data without additional equipment [3]. In the health context, applications are used as
tools for behaviour change and for tracking physiological and lifestyle data [4, 5]. From a stakeholder
perspective, earlier work distinguishes between competitive and non-competitive actors [6], while more
recent research identifies broader stakeholder groups, including competitors, support staff, supporters,
and governing entities [7].

Within this diverse field, the classification of applications remains challenging, particularly due to
limitations in app store categorization, where applications are assigned static categories that do not
reflect evolving application domains [8]. Existing approaches include multiple taxonomy-based methods
for classifying applications [9, 10, 11], but a unified classification framework for e.g. health-related
applications is lacking, and current approaches remain fragmented [12].
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Previous research has proposed several approaches for classifying applications. These include
manual screening and filtering of applications [13, 11], machine learning approaches that utilize
application description texts for automatic categorization [10], and methods based on word embeddings
for representing application descriptions and classifying them into categories [8].

The SportsHCI domain provides a particularly suitable context for this study, as it encompasses
diverse functionalities, stakeholder groups, and usage contexts, making it a complex case for large-scale
application classification. Existing approaches either rely on predefined taxonomies or require labeled
datasets, limiting adaptability in rapidly evolving application ecosystems. This study addresses this
gap by leveraging Large Language Models (LLMs) as semantic classifiers that can operate without
task-specific training data.

LLMs are capable of producing diverse forms of content, including text [14], and provide capabilities
such as summarization and writing assistance, while their usage costs have decreased significantly
[15, 16]. Structured instructions (prompting) are used to guide how LLMs interpret tasks and gener-
ate outputs [17], and enables task-specific use without additional training data [18]. However, the
effectiveness of prompting strategies varies. For example, role prompting has been shown to produce
inconsistent effects [19], LLMs are sensitive to irrelevant prompt details [20], and domain priming has
been shown to provide more consistent improvements compared to persona-based prompting [21]. In
classification tasks, structured outputs (e.g., JSON) improve performance, while reducing reasoning
performance [22].

This study addresses the following research problem: How can an LLM-based approach support
scalable and accurate classification of sports and health & fitness applications? To address this problem,
the study adopts a Design Science Research (DSR) approach [23] to develop and evaluate an artifact
that integrates automated data collection with LLM-based classification. The artifact supports multi-
dimensional categorization of applications by sport type, purpose, and primary user group.

After data cleaning, the artifact was demonstrated on a dataset of approximately 50,000 applications
collected from major app stores and evaluated by comparing Artificial Intelligence (Al)-generated
classifications with those produced by a human evaluator. The results indicate accurate classification
while reducing the time required for processing large datasets.

This study contributes to the literature on mobile application classification by demonstrating how
LLM-based approaches can address limitations of prior methods, particularly in terms of scalability
and reduced reliance on labeled data. In addition, it provides a structured dataset and a scalable
methodological approach for analyzing the SportsHCI application ecosystem.

2. Background

This section introduces the sports and health & fitness mobile application field, together with application
classification approaches and known challenges, after which, automated and LLM-based classification
is considered.

2.1. Applications in the Sports and Health & Fitness Categories

Mobile application ecosystems have expanded rapidly in recent decades. Within this ecosystem, SHF
applications represent a diverse and evolving category of digital tools designed to support physical
activity, training, and overall well-being, with over 100,000 applications available [1].

Research on sports applications can be approached from multiple perspectives. SportsHCI focuses on
the human aspects of interaction [24, 25], while information systems research examines organizational
and technological dimensions [7, 26]. This study bridges these perspectives by considering user
groups together with application sport type and purpose. Here, application purpose refers to its main
functionalities rather than to existential or meaning-related aspects of use, which have been explored
in prior work [27, 28].

SHF applications can be classified into two main types: those that focus on tracking and analysing
users’ physical activity, and those that provide instructional content to support individual training [2].



Common features observed in such applications include reminders, notifications, voice instructions,
workout diaries, statistical summaries, and social sharing functionalities, with reminders being the
most common feature [2]. Modern smartphones are also equipped with built-in sensors, such as
accelerometers, gyroscopes, cameras, and microphones, which enable the capture of physiological and
biometrical data without additional equipment - enabling applications to generate detailed measurements
directly from the device. [3]

Within the broader domain of mobile health (mHealth), these applications are used as tools for be-
haviour change [4]. Health and fitness applications monitor and shape users’ health-related behaviours
and enable the tracking of physiological and lifestyle data, such as physical activity, sleep patterns,
calorie intake, heart rate, and blood pressure [4, 5]. A distinction is made between disease-focused
applications and wellness applications, where the latter support the maintenance of healthy habits and
overall well-being [29].

Prior research has identified multiple stakeholder groups involved in sports digitalization, including
competitors, support staff, supporters, and governing entities [7]. These stakeholder groups differ in
terms of their proximity to the sporting activity, their influence on competition, and their group size [7].
Earlier work distinguishes between competitive actors, such as athletes and teams, and non-competitive
actors, such as referees and officials who facilitate sporting activities [6].

2.2. Mobile Application Classification: Approaches and Challenges

Application store categorizations are static and do not reflect evolving application domains [8]. The
literature lacks a unified definition or common classification framework for health-related applications,
and existing approaches are fragmented and focus on narrow aspects [12].

Several studies have proposed taxonomy-based approaches for classifying mobile applications. A
study by [9] developed taxonomies based on application goals and features, identifying functional
groups and higher-level categories such as education, diet and nutrition, physical activity, and health.
Similarly, [10] introduced a more fine-grained categorization by defining multiple sub-categories beyond
those provided by application stores.

In the context of sports applications, [11] proposed a three-dimensional categorization framework
based on sport type, application functionality, and analytics. The study further categorizes applications
according to analytics types and identifies multiple functionality categories.

The literature includes multiple taxonomy-based approaches for classifying applications [9, 10, 11].
However, a unified classification framework for health-related applications is lacking, and existing
approaches are fragmented [12].

2.3. Automated and LLM-Based Classification

Application data is commonly collected from app stores using keyword-based search and manually
screening the results [11, 13]. In addition, prior research has explored automated approaches for
classifying mobile applications [10, 8]. For example, a framework utilizes application description
texts as input and applies machine learning algorithms for classification, where linear Support Vector
classification performs best [10]. Similarly, previous research has proposed an approach based on word
embeddings for representing application descriptions and classifying them into categories [8].

Generative artificial intelligence and LLMs are capable of producing diverse forms of content, includ-
ing text, images, and code [14]. Research on LLMs has grown rapidly in recent years, alongside their
integration into various research domains and workflows [30]. These models provide capabilities such
as summarization, writing assistance, translation, and sentiment analysis, and have become increasingly
accessible due to reductions in usage costs [15, 16]. Modern LLMs are typically based on transformer
architectures [31], which use self-attention mechanisms [32].

Prompting is used to guide how LLMs interpret tasks and generate outputs through structured
instructions [17]. Prompt engineering enables users to adapt LLMs to specific tasks without additional
training data and can be viewed as a form of natural language programming [18]. Various prompting



techniques have been proposed, including zero-shot and few-shot approaches [33]. The effectiveness of
prompting strategies varies. For example, role prompting has been shown to produce inconsistent effects,
sometimes improving performance but also reducing accuracy [19]. This variability is related to the
sensitivity of LLMs to irrelevant prompt details, which can introduce noise and affect performance [20].
Domain priming has been shown to provide more consistent improvements compared to persona-based
prompting [21].

In addition to prompt design, the structure of model outputs affects performance. A previous research
shows that stricter format constraints, such as structured outputs (e.g., JSON), improve performance in
classification tasks, while reducing reasoning performance. Format constraints affect LLM performance
differently across tasks. [22]

Based on the identified approaches and limitations, the following section presents a research process
to design and evaluate a LLM-based artifact for application classification.

3. Research Method

This study follows the Design Science Research (DSR) methodology [34] and the Design Science Research
Process (DSRP) model [23]. DSR is well-suited for addressing practical problems through the design
and evaluation of artifacts. The following sections present the six steps of the DSRP model as applied
in this study.

3.1. Problem ldentification

The large and rapidly growing number of SHF applications makes systematic collection and classification
challenging while e.g. the Google Play Store alone includes over 100,000 applications in these categories
[1]. Prior work on application classification has evolved from feature-based methods [10] to semantic
approaches [8], but these still rely on predefined features and labeled datasets. At the same time, the
field lacks unified classification frameworks [12], and manual approaches remain difficult to scale
[13, 11].

These challenges are particularly evident in SportsHCI, where diversity in purposes, user groups,
and sport types complicates classification. To address this, this study investigates whether a LLM-based
artifact can support large-scale collection and classification of sports applications.

3.2. Definition of Objectives

Based on the identified problem, the objective is to design an artifact capable of automatically collecting
and structuring large-scale datasets of SHF applications. In addition, the artifact needed to accurately
classify applications into predefined categories, including user groups, purposes, and sport types, while
filtering out irrelevant entries.

The goal was to approximate the quality of manual classification while significantly improving
scalability and efficiency, thereby enabling large-scale analysis of the application ecosystem.

3.3. Design and Development

The artifact was implemented as a software tool integrating data collection and LLM-based classification.
Data were gathered from mobile application stores using web scraping libraries (google-play-scraper
and app-store-scraper). The classification component utilized a large language model (GPT-based API)
to categorize applications and filter irrelevant entries.

The system was developed using JavaScript for data collection and Python for the classification
pipeline. Al-assisted development tools were used to support implementation efficiency.



3.4. Demonstration

The artifact was demonstrated by applying it to a dataset of application descriptions. The system
processed each entry, assigning categories for user groups, purposes, and sport types, while filtering
out irrelevant applications. Demonstration is further described in Section 4.

3.5. Evaluation

The artifact was evaluated by comparing its classifications with those produced by a human evaluator on
the same dataset. Classification performance was assessed using exact agreement across all classification
parameters, as well as agreement at the level of individual parameters.

3.6. Communication

The results of this study, including the identified problem, artifact design, and evaluation, are communi-
cated through this paper and a related conference submission.

4. Artifact Design

This section presents an overview of the artifact, how it works, together with how data collection and
LLM-based classification are designed.

4.1. Overview of the Artifact

The developed artifact consists of two main modules: a data collection module and a LLM-based
classification module. The data collection module gathers application data from mobile application
stores at scale, while the classification module assigns structured categories and filters out irrelevant
applications.

The artifact was designed to address the challenge of processing large-scale datasets, where manual
classification of tens of thousands of applications would be impractical. Together, these modules form a
pipeline that enables the automated construction of a structured dataset of SHF applications.

The artifact design evolved iteratively through multiple design and evaluation cycles (Table 1), where
insights from preliminary results and practical constraints informed subsequent refinements of both
data collection and classification components.

4.2. Data Collection Design

The data collection module was designed to enable large-scale and diverse retrieval of chosen application
fields from mobile application stores. Data were collected using two complementary strategies: (1)
retrieving applications from predefined store lists (e.g., top charts) and (2) executing keyword-based
searches across a wide range of topic-related terms.

To increase coverage and reduce regional bias, data collection was conducted across multiple countries.
Due to practical constraints related to API limits, the final design focused on 30 countries and a reduced
set of search queries, balancing dataset diversity and collection efficiency.

The combined use of list-based and search-based approaches resulted in overlapping results, which
were addressed through deduplication based on unique application identifiers. In addition, data quality
issues in application descriptions were handled by re-collecting missing or corrupted fields.

This process produced a large-scale dataset of over 53,000 applications, forming the basis for subse-
quent classification.



Table 1

Iterative Development Phases of the Artifact

Phase

Issue Identified

Iterative Improvements

Outcome

Data Collection
Collection Scope
Data Processing

Prompt Iteration

Manual search slow and
limited

Scraping too slow (118
countries, 424 queries)
Noisy data and corrupted
descriptions

Low initial classification

Switched to automated
APIl-based scraping
Reduced to 30 countries
and 190 queries
Removed invalid entries
and repaired descriptions
Iterative refinement with

Enabled large-scale data
collection
Completed in ~50 hours

Classified 46,862
applications in 3.5 hours
133/144 matches with

accuracy human-labeled samples human classification

4.3. LLM-Based Classification Design

The classification module is designed to automatically assign structured categories based on applications’
descriptions. Given the scale of the dataset, a LLM-based approach was selected to enable flexible and
scalable classification without reliance on predefined feature engineering or labeled training data.

The classification scheme consists of three main dimensions: (1) user groups, (2) application purpose,
and (3) sport type. User group classification was based on stakeholder roles (e.g., athletes, supporters,
support staff, and governing entities) as suggested by [7], while purpose categories were derived from
prior work by [11] and extended to better capture the diversity of sports and health applications. Sport
type labels were assigned using a predefined set of tags, with flexibility for handling multi-sport and
general health contexts.

The classification process was guided by a structured prompting approach, where the model was
instructed to produce standardized outputs and apply predefined rules for category assignment and
exclusion of irrelevant applications. To ensure consistency and scalability, classification requests were
processed in batches, enabling efficient handling of the large dataset. This design enabled automated,
large-scale classification of applications while maintaining a level of consistency.

The development of the artifact followed an iterative process, where identified limitations were
addressed through successive refinements. Table 1 summarizes the key development phases and their
outcomes.

5. Evaluation

This section presents the evaluation of the proposed artifact. The evaluation examines the accuracy of
LLM-based classification in comparison to human judgment, as well as the scalability and efficiency of
the approach in large-scale application classification.

5.1. Evaluation Setup

The artifact was evaluated by comparing its classification outputs with those produced by a human
evaluator on the same dataset. The evaluation focused on assessing how closely the LLM-based classifi-
cation aligns with human judgment. A single expert evaluator with familiarity in sports applications and
classification tasks was used to establish a baseline comparison for the artifact. While multi-rater evalu-
ation would strengthen reliability, the goal of this evaluation was to assess alignment with informed
human judgment rather than establish inter-rater agreement.

A subset of the collected applications was used for evaluation, resulting in a dataset of 145 applications
after removing duplicates and unavailable entries. One application could not be classified by the Al
tool, leaving 144 applications for evaluation. Each application was classified across seven parameters:
relevance, purpose, sport type, and four user group indicators (athlete, supporter, support staff, and
governing entity).



Table 2
Classification accuracy across parameters.

Dimension Correct Incorrect Correct (%)
Relevance 141 3 97.92
Purpose 131 6 95.62
Sport Type 136 1 99.27
Athlete 135 2 98.54
Supporter 135 2 98.54
Support Staff 134 3 97.81
Governing Entity 137 0 100.00

A classification was considered correct only when all seven parameters exactly matched the corre-
sponding human classification. This strict criterion was chosen to ensure that the artifact performs
reliably across all classification dimensions simultaneously. In addition, accuracy was analyzed at the
level of individual parameters to provide a more detailed view of classification performance.

5.2. Classification Accuracy

The classification performance of the artifact was evaluated by comparing its outputs with those of the
human evaluator. Using the strict matching criterion, the artifact achieved exact agreement in 133 out
of 144 applications (92.4%), indicating a high level of alignment with human judgment.

In addition to exact matches, classification accuracy was analyzed across individual parameters
(Table 2). The results show consistently high agreement across all dimensions, with accuracy ranging
from 95% to 100%. The highest accuracy was observed in sport type and governing entity classification,
while slightly lower agreement was found in the assignment of application purposes.

These results demonstrate that the artifact can reliably classify applications across multiple dimen-
sions, supporting complex categorization tasks beyond simple single-label classification.

5.3. Scalability and Efficiency

The data collection process initially retrieved over 53,000 applications from mobile application stores,
demonstrating the artifact’s capability for large-scale classification. After removing duplicates and
unavailable entries, the final dataset consisted of 46,862 applications, demonstrating the scalability of
the approach.

The classification phase was completed using batch processing, enabling the full dataset to be
processed within 3.5 hours. In contrast, manual classification of a dataset of this size was estimated to
require several months of work.

In terms of resource efficiency, the classification process required 868 API calls and processed
approximately 19 million tokens, with a total cost of 7.4€. These results indicate that the artifact enables
cost-effective large-scale classification without the need for manual labeling or predefined feature
engineering.

5.4. Error Analysis

The majority of classification errors occurred in the assignment of application purposes, where distinc-
tions between closely related categories (e.g. team management vs. league management, betting vs.
fantasy sports) led to inconsistencies. These errors reflect the inherent ambiguity and overlap between
certain application functionalities.

Additional errors were observed in cases where application descriptions were limited or unclear,
reducing the amount of information available for accurate classification. Minor discrepancies also
appeared in user group assignments, particularly in edge cases where applications targeted multiple
stakeholder groups.



Overall, the error patterns suggest that while the artifact performs reliably in most cases, classification
challenges remain in semantically overlapping categories and contexts with low-information.

These results suggest that LLM-based classification can achieve high agreement with human judgment
while addressing key limitations of prior approaches, particularly in terms of scalability and reduced
reliance on predefined features or labeled datasets.

6. Discussion

This study addressed the research and design problem of how an LLM-based approach can support
scalable and accurate classification of sports and health & fitness applications. To address this, a design
science research approach was adopted to design and evaluate an artifact that integrates automated
data collection with LLM-based classification. The artifact enables multi-dimensional categorization of
applications based on sport type, purpose, and user groups.

The results suggest that the LLM-based artifact achieves performance comparable to that of the human
evaluator, with an overall accuracy of 92.4% and 95-100% accuracy across individual classification
dimensions. These findings indicate strong agreement with human judgment in a complex, multi-label
and multi-dimensional classification task.

In addition to accuracy, the artifact demonstrates strong efficiency and scalability. The classification of
46,862 applications was completed in approximately 3.5 hours at a total cost below 8€, supporting recent
claims regarding reduced usage costs of LLM-based solutions [15, 16]. Although the data collection
phase required approximately 50 hours due to API rate limitations, this still represents a substantial
improvement compared to months of manual work.

The artifact also exhibited classification errors, primarily in the assignment of application purposes.
These errors were associated with overlapping categories, ambiguous application descriptions, and
edge cases involving multiple user groups. Importantly, these errors were not random but systematic
and explainable, suggesting that they can be addressed in future iterations. At the same time, these
challenges are not solely technical but also reflect inherent limitations in the domain, where application
stores often contain overlapping semantics and incomplete descriptions. This highlights a broader
design challenge beyond the artifact itself.

A key advantage of the LLM-based approach is its adaptability. Unlike rigid classification systems,
the artifact’s categories and prompts can be modified to reflect evolving classification needs. This is
particularly relevant if standardized classification systems emerge in the future, as asked by [12].

Overall, the findings indicate that LLM-based approaches provide a viable and flexible alternative
for application classification, extending prior work of e.g. [10, 9, 8, 11]. The artifact demonstrates that
application descriptions can be effectively interpreted and structured without extensive preprocessing
or training data, representing a shift from traditional classification pipelines toward prompt-driven
approaches.

6.1. Contributions

This study makes three main contributions to the literature on mobile application classification and
SportsHCI.

First, the study provides a methodological contribution by demonstrating how LLMs can be used for
large-scale, multi-dimensional classification of mobile applications. Unlike prior approaches that rely on
predefined feature engineering or labeled datasets, the proposed approach leverages LLMs as semantic
classifiers, enabling flexible classification directly from application descriptions. The results show
that this approach can achieve high agreement with human judgment while significantly improving
scalability.

Second, the study contributes an artifact in the form of a two-module pipeline that integrates
automated data collection with LLM-based classification. The artifact enables efficient process-
ing and structured categorization of large application datasets across multiple dimensions, includ-
ing user groups, purposes, and sport types. This extends existing classification approaches by



addressing the complexity and scale of real-world application ecosystems in the SportsHCI do-
main. To support transparency, reproducibility, and future reuse, the artifact has been published
as open-source software and is publicly available through GitHub: https://github.com/jukarjalainen/
AICCSA---Al-tool-for-Collecting-and-Classifying-Sports- Applications

Third, the study provides an empirical contribution by producing a large-scale, structured dataset
of 46,862 sports and health & fitness applications. The dataset combines application metadata with
LLM-generated multi-dimensional classifications, enabling systematic and reproducible analysis of
the SportsHCI application landscape. To support transparency, reproducibility, and future reuse, the
dataset has been published through the Fairdata Etsin research data service and is publicly available at:
https://etsin.fairdata.fi/dataset/9eb5dacd-9444-4bb0-8794-ad139250a48d

Together, these contributions demonstrate how LLM-based approaches can advance mobile applica-
tion classification by improving scalability, flexibility, and reducing reliance on manual labeling.

6.2. Limitations and Future Research

This study has several limitations that suggest directions for future research. First, the evaluation was
conducted on a relatively small sample of applications compared to the full dataset. While the results
indicate high agreement with human classification, a larger evaluation set or multiple human evaluators
would provide a more robust assessment of reliability. Future work could extend the evaluation by
incorporating inter-rater agreement and broader validation datasets.

Second, the classification process relies on prompt-based interaction with a LLM, making the outcomes
sensitive to prompt design and model configuration as noted by [19, 20, 21]. Although the prompt
was iteratively refined, alternative prompting strategies, model choices, or modifications to prompt
structure and ordering may yield different results. Future research could systematically compare models,
prompting techniques, and prompt components to better understand their influence on classification
outcomes.

Third, the classification of application purposes revealed inherent ambiguity between closely related
categories. This highlights a conceptual limitation in defining clear boundaries between application
types, particularly in complex domains such as SportsHCI. Future work could refine classification tax-
onomies, explore multi-label approaches that better capture overlapping functionalities, and investigate
edge cases, excluded applications, and the primary reasons why certain entries are filtered out during
the classification process.

Fourth, the dataset was collected from the Google Play Store and Apple App Store using publicly
available APIs, which impose limitations on data access and coverage. As a result, the dataset does not
represent the full population of available applications. Future research could explore alternative data
collection methods and extend the approach to additional application domains.

Finally, while the study demonstrates the feasibility of LLM-based classification for large-scale datasets,
further research is needed to examine its generalizability across different contexts and classification
tasks. This includes applying similar approaches to other domains, evaluating long-term robustness as
application ecosystems evolve, and exploring interactive classification approaches where categories can
be adapted or supplemented by user-defined inputs.

7. Conclusion

This study addressed the challenge of large-scale collection and classification of mobile sports and
health & fitness applications, which has traditionally relied on labor-intensive manual processes as
well as feature-engineered and supervised machine learning approaches. To overcome this limitation,
a large language model-based artifact was developed following a design science research approach,
integrating automated data collection with LLM-based classification.

The artifact achieved relatively high agreement with human classification while significantly reducing
the time required to process large datasets. These results demonstrate that LLM-based approaches
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can support scalable and flexible classification of mobile applications without reliance on predefined
features or labeled training data.

Overall, the study shows that LLM-based artifacts enable systematic analysis of complex application
ecosystems and provide a foundation for future research in SportsHCI and related domains. To support
transparency, reproducibility, and future reuse, both the developed artifact and the resulting dataset
have been made publicly available.
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