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Abstract. The success of mobile applications is intrinsically linked to the quality of their User Interfaces (UIs), yet an open
gap remains in the systematic integration of app store metadata with semantic interface components. This study addresses
this challenge by employing the Design Science Research Methodology to develop and analyze two comprehensive and
complementary artifacts: the Automated Insights Dataset (AID), containing 48 technical and market metadata types from
6,400 applications, and the User Interface Depth Dataset (UID), which features a detailed manual mapping of 50 UI
component types and 1,948 screenshots from 400 high-quality apps. Moving beyond descriptive statistics, this research
performs a multidimensional analysis that uncovers latent design patterns and correlations between interface elements,
application categories, and visual identities (characteristic colors). Furthermore, we demonstrate the practical utility of
these datasets through a predictive modeling experiment using Natural Language Processing, which successfully infers UL
composition from textual descriptions with accuracy levels exceeding 90% in controlled evaluations. The results provide a
robust empirical foundation for data-driven design, offering actionable insights for researchers and practitioners to ground
their decisions on real-world market evidence and established design conventions.
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1 Introduction

Mobile devices have established themselves as the primary
means of accessing technology worldwide, with more than 5.1
billion users in 2026 [Sahami Shirazi et al., 2013; STATISTA,
2026]. This scenario drives a billion-dollar app development
market, especially focused on the Android operating system,
which accounted for approximately 71% of global devices as
of the fourth quarter (Q4) of 2025 [STATISTA, 2026]. The
Google Play Store (GPlay), Android’s main app store, hosts
more than 1.6 million apps as of January 2026 [STATISTA,
2026]. In this highly competitive environment, standing out
is challenging. High costs, technological limitations, and the
complexity of creating functional and attractive interfaces for
small screens are among the main obstacles faced by develop-
ers [Kuspil er al., 2024].

Usability is a decisive factor for the success of mobile
applications, directly influencing user adoption, retention, and
satisfaction. Although multiple elements contribute to the
user experience, the Graphical User Interface (GUI) plays a
central role [Nielsen and Budiu, 2015; Pratama and Cahyadi,
2020; Masveta and Manyangara, 2025; Hasan et al., 2024].
Many developers, especially beginners or those in resource-
constrained environments, lack the support of design special-
ists or consolidated knowledge of patterns and best practices.
Design languages and frameworks, such as Google Material
Design' (GMD), offer useful guidelines, but their application
without proper context can result in inconsistent solutions that

'https://m3.material.io/components [Accessed: 20 Abr 2026]

are misaligned with user needs [Clifton, 2015]. In this sce-
nario, data-driven approaches become especially relevant by
supporting systematic and evidence-based design decisions.

Analyzing examples, a common practice across vari-
ous fields, remains an effective strategy for understanding
how different concepts materialize into final products. By
investigating applications within the same category or niche,
designers can identify functional patterns, visual styles, and
audience profiles, which contributes to reducing costs and
risks in the early stages of a project. However, this process is
inherently costly and demands high discernment in selecting
references, becoming even more challenging in agile devel-
opment environments where decisions must be made rapidly
[Deka et al., 2017; Bunian et al., 2021; Kuspil et al., 2024].

As a response to the need for agility, design patterns
offer a streamlined alternative by providing reusable solutions
for common interface challenges [Tidwell, 2010; Neil, 2014].
Yet, despite their efficiency, standardized patterns are often
generic and may fail to provide the contextualized knowledge
essential for the development of domain-specific applications
[Cooper et al., 2014; Hartson and Pyla, 2012]. When pat-
terns are implemented without considering the specificities of
the application’s niche, the result can be suboptimal or even
negative for the user experience. Therefore, achieving a truly
contextualized vision still depends on the systematic analysis
of similar applications, which offers the empirical evidence
necessary to bridge the gap between abstract guidelines and
specialized user needs.

Building on this perspective, an effective analysis of sim-
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ilar applications requires, as a starting point, a comprehensive
and representative set of information [Deka et al., 2017; Liu
et al., 2018]. In practice, this information is typically dis-
persed across different abstraction levels: high-level metadata
that describe the application’s purpose, category, and audi-
ence, and low-level interface elements that materialize design
decisions in the final product. Although advances have been
observed in both metadata mining and the characterization of
interface components, these efforts are usually conducted in
isolation. As a result, a critical gap remains: the absence of
an approach that simultaneously integrates updated metadata
with a rich, semantic, and contextualized description of inter-
face elements. This gap directly impacts the emergence of
more comprehensive tools for Data-Driven Design (DDD), an
approach that leverages collections of real-world data as a sys-
tematic source for both inspiration and validation throughout
the design process [Quifiones-Gémez et al., 2024]. To date,
no study has combined these two dimensions to systematically
understand how textual, functional, and visual characteristics
manifest in real-world applications and design systems such
as GMD.

This work seeks to advance this discussion by inves-
tigating the integration between structured metadata and
interface components extracted from mobile applications,
aiming to support DDD pratices. To achieve this, two
complementary datasets are presented—the Automated In-
sights Dataset (AID) and the User Interface Depth Dataset
(UID)—accompanied by statistical analyses that reveal latent
design patterns. Furthermore, an empirical validation is in-
cluded through component prediction models, demonstrating
the potential of inferring visual elements from textual descrip-
tions and expanding the possibilities for reproducible research
in HCIL.

Thus, the question guiding this research is: how can
structured metadata and interface components extracted
from mobile applications be integrated to support DDD
practices?. Thus, the question guiding this research is: how
can structured metadata and interface components ex-
tracted from mobile applications be integrated to support
DDD practices?. To answer it, this study presents the con-
struction of two complementary datasets and demonstrates
their potential to support the development of more grounded,
consistent, and effective interfaces.

From an HCI perspective, the integration of metadata
and interface components allows for going beyond merely
descriptive analyses. The proposed datasets enable evidence-
based design decisions by allowing designers and researchers
to systematically investigate how interface components, navi-
gation structures, chromatic choices, and interaction patterns
are associated with application categories, usage expectations,
and established market practices. By basing early project de-
cisions on quantitative evidence of the state-of-the-practice
in real applications, this approach helps reduce dependence
on ad hoc references and favors the development of more
consistent, contextualized interfaces aligned with the usage
domain.

In this context, the present investigation continues pre-
vious studies by the authors on the empirical analysis of mo-
bile interfaces, expanding and deepening an initial proposal
through a more comprehensive data characterization, more
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detailed analyses, and additional validations. This paper is an
extended follow-up to the work titled “Mineracdo de compo-
nentes de interface e metadados em aplicativos moéveis” [Kus-
pil et al., 2025], originally published in the “Prémio Junia
Coutinho Anacleto” track of the XXIV Brazilian Symposium
on Human Factors in Computing Systems (IHC 2025).

The remainder of the article is organized as follows: Sec-
tion 2 presents related work; Section 3 details the research
method; Section 4 describes the construction of the datasets;
Section 5 presents and discusses the results; Section 6 dis-
cusses threats to validity; Section 7 addresses the ethical con-
siderations of the study; and Section 8 presents the conclu-
sions.

2 Related Work

The literature presents several datasets focused on specific
purposes [Deka et al., 2017; Liu et al., 2018; Prakash and
Koshy, 2021]. Some focus on extracting metadata from stores
like GPlay ; others analyze characteristics through API call
interception ; and there are initiatives that produce hierarchical
datasets based on screenshots. The applications of these data
are diverse and go beyond development support, including
functionality recommendation [Yu et al., 2016], malware
detection [Gorla et al., 2014], searching for similar GUIs [Liu
et al., 2018; Bowers et al., 2022], and generating descriptions
for accessibility [Wang et al., 2021].

Metadata mining has been explored from multiple per-
spectives. For example, Gorla et al. [2014] use metadata and
APIs to verify consistency between the advertised and actual
behavior of applications, focusing on anomaly detection. Yu
et al. [2016] propose a hybrid approach, combining textual
descriptions and APIs to recommend features. More recently,
Ali [2024] advanced in this direction by applying language
models to extract specific features directly from user descrip-
tions and reviews. Other studies, such as those by Kabir and
Arefin [2019] and Prakash and Koshy [2021], analyze large
volumes of metadata to identify market trends or perform
sentiment analysis. Despite their relevance, these works do
not explore the connection between metadata and the visual
and interactive elements of the interface, which are central to
the user experience [Nielsen and Budiu, 2015].

In parallel, interface analysis has also advanced. A
prominent initiative is the Rico dataset [Deka et al., 2017],
which serves as the basis for several subsequent studies. Liu
et al. [2018] and da Cruz Alves et al. [2022] utilized ma-
chine learning to classify User Interface (UI) components
from screenshots, while Moran et al. [2018] and Chen et al.
[2019] addressed the automatic generation of code or func-
tional recommendations. There are also efforts focused on
visual search for interfaces [Bunian et al., 2021], generating
textual descriptions [Wang et al., 2021], and aesthetic evalu-
ation of GUIs [de Souza Lima et al., 2022]. However, even
these studies often analyze interfaces without considering the
broader application context, reducing components to mere
visual elements and failing to connect them to structured store
metadata [Kuspil et al., 2024].

One of the few integration attempts, such as that by Li
et al. [2014], relates descriptions and texts extracted from
screenshots, but treats components as simple textual frag-
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Table 1. Comparison of the scope of metadata and interface components datasets in different studies.
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Metadata Yu et al. 2016 1 4 - - - 441 Auto -
Mining Kabir et al. 2019] 5 ? - - - 10k Auto -
Prakashetal. 202110 | 32 | - - - 2 million | Auto - -
Kuspil etal. 202448 | 32 | - - - 6.4k Auto - -
Li et al. 2014] 5 ?2 |10 61k 21k 8.4k Auto. | Hybrid| v
Deka et al. 2017] 8 27 | - - 72k 9.7k Hybrid -
UI Feature Liu et al. 2018 8 | 24 |25] 73k 720 ? Manual | Auto. | V/
Mining Moranetal. |2018] - 32 | ? | 190k 19k 8.8k Auto. | Auto.
Chen et al. 2019 ? ? - - 61k 10.4k Auto. | Auto. | vV
Bunian et al 2020| 1 ? 11 ? 4.5k ? Manual | Manual
Wang et al. 2021 ? ? - - 22k ? Manual -
Cruz Alves et al. [ 2022] 1 ? 9 644 365 ? Manual | Manual
de Souza Lima et al.| 2022| - ? 1 481 481 ? Manual | Manual
Ali 2024| 2 7 - - - 219 Auto. -
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Kuspil etal. [2024|48 | 32 [50| 7.4k 1.9k 400 Manual |[Manual

ments without considering functionality or visual complexity.
Recently, the use of vision-language models (such as CLIP
and BLIP) has enabled new applications: Saha et al. [2024]
investigated the localization of defective screens and com-
ponents by correlating bug descriptions with the UI’s visual
hierarchy, while Wu et al. [2024] developed UIClip, a model
trained on synthetic data to evaluate the aesthetic quality and
relevance of designs from textual descriptions. Nevertheless,
the persistent lack of integration compromises the develop-
ment of methods and tools capable of effectively supporting
designers and developers in the initial stages of interface de-
sign.

Table 1 synthesizes the comparison between this work
(presented in the bold rows) and previous studies discussed
in this section, regarding the scope of metadata and interface
component datasets. The symbol “?” indicates an absence
of clear information in the study, while “~” represents non-
applicable elements.

In summary, although the literature shows progress in
both metadata mining and interface analysis, these efforts
remain dissociated. None of the reviewed studies system-
atically combines updated metadata with a detailed manual
analysis of interface components, which limits the potential
for data-driven investigations in HCI.

3 Research Method

The study was conducted based on the Design Science Re-
search Methodology (DSRM) [Peffers et al., 2007], which
is considered suitable for the development and evaluation of
technological artifacts. The research strategy was designed
to address a gap identified in the literature concerning the
lack of approaches and datasets that explicitly integrate ap-

plication metadata with interface components. Accordingly,
the goal was to create a structured database that serves both
as an object of analysis and as an infrastructure for future
investigations and design support tools.

Next, the DSRM stages, data collection procedures, and
the experimental design of the predictive model are detailed.

3. Design Science Research Methodology
The choice of DSRM was driven by several factors. First,
the methodology was developed to address the absence of a
single, universally accepted framework for the systematic de-
velopment and evaluation of research artifacts. Furthermore,
DSRM stands out for its affinity with developing solutions
that result in tangible artifacts, such as the datasets proposed
in this work, and for its flexibility in adapting to the different
phases of conception, development, and evaluation of such
artifacts. The method emphasizes not only the exploration or
description of a phenomenon but also the design and proposal
of solutions for a specific class of problems, aligning with the
exploratory and empirical nature of this investigation.

In this work, the DSRM stages were applied as follows:
Problem Identification and Motivation (i) started from the
realization of the gap in the literature regarding datasets that
integrate app store metadata and semantic interface compo-
nents. The Objectives for a Solution (ii) focused on creating
an artifact (datasets) that was robust, with clear selection pa-
rameters, broad representativeness, data relevance, and qual-
ity. The Design and Development (iii) stage consisted of the
rigorous process of defining selection criteria and collecting
the AID and UID datasets, detailed in the following section.
The Demonstration (iv) was performed through a detailed
characterization of the datasets (presented in sections 5.2 and
5.2.1) and an in-depth investigation of the distribution and
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establishing a robust empirical basis for investigating rela-
tionships between mobile application metadata and interface
characteristics. The collection process was conducted in mul-
tiple phases, with attention to methodological rigor, replicabil-
ity, and data auditability, following guidelines from previous
studies in the area [Liu et al., 2018; de Souza Lima et al.,
2022].

This process was divided into two main fronts, resulting
in two complementary datasets. The first front consisted of
automated large-scale metadata collection, forming the Auto-
mated Insights Dataset (AID). This stage used a Web Crawler
to extract 48 types of metadata from 6,400 popular GPlay
applications, serving as a broad market base. The second
front, manual and more in-depth in nature, focused on the
construction of the User Interface Depth Dataset (UID). In
this stage, a statistically representative sample of 400 appli-
cations from AID was rigorously analyzed for the cataloging
of 50 types of interface components and screenshot capture.
The following subsections detail the selection criteria and the
specific procedures for each of these collection stages.

3.2.1 Selection Criteria and Sample Overview

Given the impossibility of analyzing all millions of available
applications, it was necessary to define a representative sam-
ple to allow for an in-depth study. It was decided to limit the
research universe to the Android system, with data coming
from GPlay, due to its broad global market presence (71% of
devices and App Store popularity) [STATISTA, 2026], the
recognized quality of the interfaces of its popular applications
[Kortum and Sorber, 2015], the availability of robust emu-
lation tools, and the relative ease of access to source code
if necessary [Yu et al., 2016]. To size the sample of appli-

702 Described in another
Selected for language
manual analysis —\
- -
302 400 2.565
With restrictions With features Not selected
for analysis or mined for analysis

discarted

Figure 2. Stages of the selection process for applications composing the
UID, from the initial AID set.

cations that would undergo manual interface analysis (UID),
the formula for finite populations was applied [Fonseca and
Martins, 2016], based on the 2.6 million applications avail-
able on GPlay in November 2023 [STATISTA, 2026]. Using
a 95% confidence level (Z = 1.96) and a 5.4% margin of
error (d = 0.054243), a statistically representative sample
of 400 applications was obtained [Kuspil, 2024], a number
consistent with similar studies also involving manual analysis
[Liu et al., 2018; de Souza Lima et al., 2022].

App identification and initial metadata extraction were
performed using the AppBrain platform, chosen for being
the only source found that provides an exact, auditable, and
updated ranking based on the total number of downloads,
overcoming the limitations of web scraping and the lack of
transparency in GPlay search results [Kuspil, 2024; Harty
and Miiller, 2019; Hecht and Bergel, 2021]. The 200 most-
downloaded free applications in each of the 32 GPlay cate-
gories were collected, totaling 6,400 entries, which composed
the AID. The choice of free applications aimed to facilitate
access and replication of the analysis, a common practice in
previous investigations [Deka et al., 2017].

From the AID, an iterative refinement process was con-
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ducted to select the 400 applications that would integrate the
UID, as illustrated in Figure 2. Initially, applications without
ratings were removed (250 apps). Then, based on the average
rating of the remaining 6,150 (4.14 stars), those with a rating
of 4.1 or lower were eliminated (2,445 apps), using user rating
as an indicator of perceived quality. Additionally, the Google
Language Service API was used to identify the language of
the descriptions, and applications whose primary description
was not in English were excluded (454 apps).

After these filters, 3,251 applications remained. A pro-
portional distribution by category was then applied to ensure
representativeness in the final sample. During the manual
analysis of 702 applications, 302 were discarded due to rig-
orous exclusion criteria, which included: (i) incompatibility
with the emulated device; (ii) errors or bugs that prevented
access to primary functions; (iii) requirement of a phone num-
ber for use (a restriction adopted due to the unavailability
of a virtual number for the research); (iv) games incorrectly
categorized as applications; (v) fixed operation in landscape
mode; (vi) limited access to primary functions (due to geolo-
cation restrictions, need for specific credentials, or paywalls);
(vii) prevention of screenshots; or (viii) interfaces considered
minimal or whose primary function was not linked to the
application itself (such as frameworks, APIs, launchers, and
virtual keyboards) [Kuspil, 2024; Kuspil et al., 2024]. In the
end, 400 applications that met all criteria composed the UID.

3.2.2 Metadata Collection

For the collection of metadata composing the AID, a Web
Crawler was developed in Python, using the Selenium library
for data extraction from AppBrain and openpyxl for manipu-
lating output files [Kuspil, 2024]. The process was divided
into two stages: an initial collection of basic data (on Novem-
ber 3, 2023) and a complementary extraction performed 23
days later, resulting in the final structuring of the AID. Due
to the dynamic nature of GPlay and the constant updating
of data reflected on AppBrain, changes in some metadata
were observed between the two collections. To ensure the
datasets reflected the most current information, metadata up-
dates identified between the two collection phases were fully
incorporated into the final versions of the AID and UID. The
only exceptions involved two metadata types with minimal
analytical impact: (i) the ranking position within a category,
due to its high volatility, and (ii) category reclassifications,
which occurred in only two applications. These were main-
tained according to the initial collection to preserve the study’s
sampling structure.

3.2.3 Interface Characteristic Collection

Data collection for the UID began with the rigorous defini-
tion of collection parameters (Step U1). The process was
conducted by two researchers (the lead author and an under-
graduate research student), both previously tested for color
blindness to ensure consistency in identifying the visual char-
acteristics of the applications. The BlueStacks Android em-
ulator was used, configured to simulate a Samsung Galaxy
S22 Ultra device with Android 11, 4 CPU cores, 8 GB of
RAM, Full HD resolution (1080x1920 pixels, 240 DPI), and
x86/ARM 32 and 64-bit architectures. Screenshots were taken
in portrait mode using the native Android tool. To standardize
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language use and access to applications, fictitious data were
defined for form filling, and the emulator’s geographic loca-
tion was set to New York, USA, chosen for being the most
populous English-speaking city and ensuring greater service
availability [United Nations, Department of Economic and
Social Affairs, Population Division, 2018]. While English
was the default language for the system and initial metadata
filtering, no additional filters were applied during collection
to exclude applications in other languages. The less experi-
enced researcher underwent (before the data collection) spe-
cific training on interface components, including the study of
reference materials, discussions, and practical tests.

Before definitive collection, a pilot test (Step U2) was
conducted with 33 applications from different categories. The
pilot was essential for evaluating the viability of the methodol-
ogy and resulted in important adjustments: (i) manual collec-
tion in spreadsheets proved slow and error-prone, prompting
the development of a support tool; (ii) full-screen capture was
adopted (instead of recording isolated components); (iii) the
color palette (that will be discussed in the following sections)
was expanded to include black; (iv) new recurring components
and features were incorporated; and (v) we opted to utilize
the previously collected AID metadata rather than performing
real-time scraping for each application, as the dynamic nature
of the data source web pages would require constant script
updates, leading to significant delays in the collection process.

To optimize cataloging (Step U3), a tool was developed
with a checkbox-based interface and graphical representa-
tions of components (extracted and inspired by the official
Material Design websites). Recurring components (e.g., Text
view) came pre-selected to speed up filling. The tool stored
data temporarily and automatically organized screenshots into
folders named after the application ID. Tests indicated that its
use reduced average collection time per application by about
40%.

Definitive collection (Step U4) took place between
November 12, 2023, and February 5, 2024, following a stan-
dardized script. The developed tool and a shared online
spreadsheet were used for component registration. The 400 se-
lected applications were manually installed from their GPlay
links. The average analysis time per application was 15 min-
utes, varying according to complexity, registration process,
or the presence of tutorials. The component mapping pro-
cess was based on the main screens of each application, as
illustrated in Figure 3. In this figure, the spheres in the table
below represent the intersection between applications (hori-
zontal axis) and components (vertical axis); the character in
the center of each sphere indicates the use (T for True) or not
(F for False) of a given component on the application’s main
screens, and the ellipses represent components not covered in
this small sample. On the right side of the table, the applica-
tion’s characteristic color is identified. This color represents
the application’s visual identity and is consistently applied
to key UI elements—such as buttons, titles, and navigation
components—to ensure design consistency [Kuspil, 2024].
In this example, Red is the characteristic color of the first
application, while Yellow identifies the remaining two.

During collection, challenges such as intrusive advertis-
ing and screenshot restrictions were encountered. The appli-
cations discarded (by the exclusion criteria) were replaced by
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Figure 3. UID sampling for applications: IMDB (1830), Soundcloud (3811),
and Airbnb (5810).

others from the same category. Categories such as "Finance"
showed high discard rates, while others, like "Books and Ref-
erence" and "Health and Fitness," did not present relevant
issues. To maintain sample proportionality, selection was
iteratively adjusted until the quota per category was reached.
Collection sessions were limited to a maximum of two hours
per day per researcher, with an average of seven applications
per session, to mitigate fatigue errors [Deka et al., 2017]. At
the end of each session, data and captures were validated and
stored in an online repository.

While UI components were present in some in-app ad-
vertisements, an empirical effort was made to exclude these
elements from the mapping process. This manual discernment
offers a methodological advantage over automated collection
by preventing promotional content from being incorrectly cat-
egorized as functional interface elements. However, this ad-
vertisement filtering did not extend to the screenshots, which
may still contain a significant number of advertisements.

In the final stage (Step US5), data consolidation and ver-
ification were performed. Pilot test applications and cases
with inconsistencies were re-evaluated. To check collection
consistency, a random sample of 10% of the applications
was revisited. Coherence in component identification was
confirmed, considering an average of five screenshots per ap-
plication. Prior organization and use of the tool significantly
facilitated the final curation and management of the UID.

3.3 Data Analysis Procedures
The developed datasets, AID and UID, were subjected to
quantitative analyses to characterize their content and extract
relevant information. In the case of AID, the analysis fo-
cused on the distribution of its 48 metadata among the 6,400
applications through descriptive statistics and graphical visu-
alizations, focusing on the general representation of popular
GPlay applications. For the UID, in addition to a similar
characterization regarding the frequency of the 50 interface
component types and the 1,948 screenshots collected from
the 400 applications, an in-depth investigation into data in-
terrelations was conducted, emphasizing the identification of
correlation patterns as described below.

The specific UID analysis sought to identify and quantify
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relationships between the various cataloged interface compo-
nents, as well as between these components and other appli-
cation attributes, such as market category and predominant
interface color. For this, Python was used, with extensive
support from the pandas library for data manipulation and
structuring (converted from spreadsheets to .CSV format).
Visualizations, including heatmaps to interpret correlation
matrices, were generated with the seaborn and matplotlib li-
braries [Bowers et al., 2022]. Associations between binary
indicators of component presence were examined using two
main statistical methods: (i) the chi-squared test, used to as-
sess independence between categorical variables through con-
tingency tables (chi2_contingency from scipy.stats) [Verma,
2012; McHugh, 2013]; and (ii) the Pearson correlation coef-
ficient, used to measure the strength and direction of linear
relationships between component pairs (pearsont, also from
scipy.stats) [Adler and Parmryd, 2010; Sousa, 2019]. These
procedures allowed for a systematic exploration of the depen-
dencies and interconnections within the UID data.

3.4 Feasibility Study with Supervised
Learning

To evaluate the applicability of the UID and demonstrate its
potential for data-driven investigations, supervised Machine
Learning models were trained with its data. The central ob-
jective of this stage was to verify the feasibility of predicting
the presence of certain interface components based exclu-
sively on the textual descriptions of the applications [Kuspil,
2024]. The experiment was conducted in the Google Colab
environment using Python and the Scikit-learn library. The
input attribute selected was the complete textual description
of the applications (Description), and the initial prediction
target attribute was the Top app bar component, chosen for
its balanced distribution (majority error of 49.75%). To find
the optimal configuration, a pipeline was executed that tested
252 combinations of hyperparameters, including:

¢ Classifiers: Multinomial Naive Bayes (with different al-
pha values), Decision Tree, Random Forest, and Support
Vector Classification (SVC) (with different kernels and
C values).

¢ Vectorizers: TfidfVectorizer (TF-IDF) and CountVec-
torizer (Bag of Words - BoW).

* N-grams: Word ranges from (1,1) up to (1,6) were tested
to capture single and compound terms.

* Feature Selection: SelectKBest with the chi-squared
scoring function was used, testing proportions of 1%,
5%, 10%, 20%, and 30% of the most relevant attributes
(terms).

After an initial analysis indicating the superiority of Multino-
mial Naive Bayes (MNB), 126 new variations focused on this
classifier were tested, totaling 378 hyperparameter combina-
tions evaluated for the final experiment (detailed in Section
5.3).

Model and hyperparameter performance was systemati-
cally evaluated using the cross_val_predict function (perform-
ing k-fold cross-validation with k£ = 10), ensuring that all UID
instances were used for both training and testing. Although
accuracy was used for initial selection, the final evaluation
metric adopted was the micro-F1 score, due to its suitability
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for contexts with imbalanced classes, which proved present
in other components tested later.

It is important to emphasize that the development of
these predictive models did not aim to create a tool ready
for immediate use but functioned as an empirical validation
of the dataset proposal, evidencing its utility and potential
for future investigations in the context of HCI and software
development.

4 The Generated Artifacts: AID and
uiD

This section describes the two main artifacts resulting from
the methodological process described previously: the Auto-
mated Insights Dataset (AID) and the User Interface Depth
Dataset (UID).

41 Automated Insights Dataset (AID)

The AID consists of a broad table that gathers data from
6,400 applications, obtained mainly from GPlay. These data
were automatically mined in November 2023 using a Web
Crawler on the AppBrain platform, which compiles GPlay
data and its own application analyses. For this sample, the
200 most-downloaded free applications in each of the store’s
32 categories during the collection period were considered. In
addition to basic metadata, the dataset includes other relevant
metadata such as libraries and technologies used, version
history, download milestones, and category changes over time,
providing a comprehensive view of the market. Therefore, this
dataset was designed with a macroscopic market perspective
in mind. Table 2 presents the main metadata collected.

4.2 User Interface Depth Dataset (UID)

The UID is derived from the AID and represents a more fo-
cused and in-depth sample composed of 400 applications.
These applications retain the same metadata present in the
AID but with the addition of a detailed interface analysis layer.
Manual identification and cataloging of software components
used on the main screens of each application were performed,
covering a total of 50 different component types, including
49 visual and functional identifiers, plus the characteristic
color. The definition of "main screens" was a methodologi-
cal criterion focused on interfaces that materialize the core
functionalities of each application. Components present on
login screens, settings, tutorials, external elements, and adver-
tisements were deliberately excluded from the analysis. This
boundary aimed to ensure the feasibility of manual collection
and focus effort on elements that represent each software’s
value proposition. The identification of such screens was
guided by an empirical approach, in which researchers relied
on the description, category, and their own usage experience
with applications in the same domain to discern essential
functionalities. Component definition was primarily based on
GMD guidelines, which propose 35 reusable components for
building interfaces. These elements were complemented by
more complex components from Android Studio, such as map
and video viewers. Additionally, a curation was performed
to include recurring features observed frequently during the
empirical analysis, considered relevant for the functional and
aesthetic characterization of the applications. Complementar-
ily, it was decided to capture: application screenshots, since,
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as identified in observations, the screenshots available on
GPlay would not be suitable for a characterization pattern of
the various applications given their heterogeneous and com-
mercial nature; and the characteristic color of the applications.
Table 3 presents the mapped components.

In line with open science principles, the AID and UID
datasets, as well as the tools used for their construction, are
available in a public repository?. The analysis scripts and the
initial predictive model are also accessible in a complementary
repository>.

5 Results and Discussions

This section presents the main research results, offering an
in-depth analysis of the relationships between mobile appli-
cation metadata and interface components. The analyses are
grounded in the datasets constructed in this study and sup-
ported by comprehensive visualizations and empirical evi-
dence. In line with open science principles, the complete set
of graphical visualizations (including heatmaps), component
examples, and original screenshots is available in the public
research repository.

The results obtained from the application of the proposed
method are presented below, organized into three main axes:
(i) the characterization of metadata present in the AID dataset;
(ii) the in-depth analysis of interface components in the UID
dataset and their correlations; and (iii) the empirical evalua-
tion of UID’s applicability through the experiment with the
predictive model.

5.1 Metadata Analysis

The analysis of the AID, which includes 6,400 popular GPlay
applications, allowed for the identification of relevant patterns
regarding the mobile software ecosystem. It was observed,
for instance, that the “Tools” category presents the highest
number of downloads, a result possibly influenced by the
presence of essential frameworks and libraries pre-installed
on the Android system.

Regarding technical requirements, it was found that net-
work access permissions are widely predominant: 95% of
the analyzed applications (6,049 apps) require “full network
access,” highlighting the critical dependency on connectivity
for the functioning of most applications. However, a deeper
analysis of the data reveals an interesting inconsistency: the
permission to “receive data from Internet” is requested by
only 72% of the applications (4,584 apps). Although fur-
ther investigation is required, this may indicate a gap in how
permissions are categorized or declared, a relevant point for
security and anomaly detection studies, such as those pro-
posed by Gorla et al. [2014].

Another relevant finding is that, although many of the
most popular applications have high ratings—with 2,617 ap-
plications (43%) in the 4.0 to 4.5-star range—a significant
number of them (248 applications) have no recorded rating.
The general distribution of ratings in the AID proved simi-
lar to broader store samples (which include games and apps

Zhttps://doi.org/10.5281/zenodo.10676845 [Accessed: 20
Abr 2026]

3https://doi.org/10.5281/zenodo. 14812156 [Accessed: 20
Abr 2026]
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Table 2. Types of metadata obtained from applications.

Data categories

Colected metadata

GPlay Metadata GPlay Link, Name, Package, Developer, Category, Current Global Rank, Total
Downloads, Description, Purchase Cost, Cost of In-App Purchases, Current App
Version, APK size, Minimal Android Version, Maturity, Suitable for, User Rating
and Number of Ratings.

AppBrain Metadata | AppBrain App Link, Most Downloaded Position in Category, 10 Ranks by Country,

Recent Downloads, Short Description, Description Language, Library Count, Pos-
itive and Negative Reviews Examples, Development Tools and Libraries, Contains
Ad Content, Ad Network Libraries, Social Libraries, 12 Categories of Permissions,
Release day, Installations milestones, Updates, Unpublished day, Category change
and Price over the time.

Table 3. Types of components mapped in the applications.
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Data categories

Identified component

GMD components

Snackbar, Tool tip, Badge, Circular progress indicator, Linear progress indicator,
Dialog, Full-screen dialog, Date picker, Dial time picker, Digital time picker, Side
sheet, Bottom sheet, Radio button, Switch, Checkbox, Slider, Menu, Navigation
rail, Navigation drawer, Navigation bar, Primary tabs, Secondary tabs, Segmented
buttons, Chips, Top app bar, Extended FAB, Floating action button, Bottom app
bar, Search, Carousel, List, Divider, Common button, Text field and Icon button.

Complementary components

Pre-loading indicator, Sound effects, Background music, Web component, Map
view, Videos, Account required, Social interaction, Default night mode, Landscape
mode, Text view, Card list, Grid layout, Images, Caracteristc color, Colected date

and Screenshots.

with few ratings), according to AppBrain data, which helps
validate the representativeness of the selected sample.

Regarding language, English predominates as the pri-
mary language in application descriptions (present in 84%
of cases). Portuguese appears as the second most frequent
language (167 applications), suggesting localization strate-
gies adopted by developers, especially in applications with
regional operations, such as those from Brazilian financial
and governmental institutions.

Furthermore, a trend toward maintaining compatibility
with older versions of the Android system was identified, such
as versions 4 (with 2.489 apps) and 5 (with 1,535 apps), in-
dicating a concern for serving the legacy device base still in
use. The analysis of development libraries revealed the domi-
nance of tools from the Google ecosystem, such as Android
Architecture Components (5,934 apps), Android Jetpack, and
Firebase (5,451 apps).

The analysis of developers also generated insights: while
large companies like Google (105 apps) and Samsung (49
apps) lead in volume, the dataset is fragmented, with 3,995
developers owning only a single application in the sample.
Finally, the global ranking distribution confirms the selec-
tion of popular applications: 43% (2,728 apps) are classified
as “Top ranked” and 28% (1,824 apps) as “Highly ranked.”
These quantitative findings from the AID offer an overview
of the technical, market, and presentation characteristics of
the most far-reaching applications, providing evidence for
understanding recurring trends and requirements in mobile
development.

5.2 Interface Data Analysis

The analysis of the UID, which comprises a detailed investi-
gation of 400 applications selected from the AID, involved

mapping 7,540 component instances. These components were
classified into 50 distinct types, consisting of 49 binary iden-
tifiers for functional and visual elements and one categorical
indicator for the application’s "characteristic color." Addition-
ally, 1,948 screenshots were captured, with an average of five
per application, focusing on the main screens. This analysis
was conducted unidimensionally, observing the individual
distribution of components, and bidimensionally (detailed
in Section 5.2.2), using heatmaps to explore correlations be-
tween components and metadata.

5.21 Unidimensional Analysis

Quantitative results reveal the predominance of basic struc-
tural components: the Text view was identified in 99.8% of
the UID applications, followed by the Icon button (98.5%),
Common button (97.8%), and Images (89.5%). This find-
ing reinforces the essentiality of these elements for building
minimally functional interfaces, supported by studies such as
Moran et al. [2018], which also identified these elements as
the most frequent. Navigation-oriented components, such as
the Navigation bar (present in 62.8% of apps), and data entry
components, such as the Text field (64.3%), also showed wide
adoption [Kuspil, 2024].

In contrast, more specific or contextual interface ele-
ments, such as the Dial time picker (1.3%) and the Badge
(1.8%), showed low frequency. This is an expected result,
possibly due to the analysis focusing on the main screens
and functionalities of each application, excluding configura-
tion menus or secondary screens where these components are
more common.

Regarding the use of design systems, UID data suggest
only partial adherence to GMD guidelines. The manual anal-
ysis sought functional and aesthetic parallels, as few applica-
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tions used components identically to the official documenta-
tion. Significant deviations from recommended functional use
were observed: for example, Chips and Segmented buttons
are described by GMD as components for content filtering;
however, they are frequently employed as primary navigation
mechanisms between screens.

A possible difficulty in correctly implementing stan-
dardized components was also detected: in several applica-
tions, the Hamburger button icon or the "vertical three dots"
icon—which, according to GMD, should trigger a Navigation
drawer and a Menu respectively, were used only to open a new
settings window, breaking user interaction expectations. It
was also found that the Pre-loading indicator component (in-
terface skeleton) often displayed visual content distinct from
what was actually loaded (e.g., a grid layout was displayed
during pre-loading, but the final content was a Card List),
which can compromise the continuity of the user experience.

An unprecedented contribution of the UID was the cata-
loging of the Characteristic Color, defined as the applica-
tion’s visual identity color, distinct from the "predominant
color" (the most frequent color in the pixels of a specific
screenshot). Regarding characteristic colors, blue stood out
as the most common (present in 39% of applications, totaling
156 apps), followed by black (18.5% / 74 apps), while yel-
low (19 apps), indigo (17 apps), and magenta (16 apps) were
significantly less used.

The 1,948 screenshots captured (with 1080x1920 pixel
resolution, 240 DPI, and PNG format) also revealed a method-
ological bias: although the emulator’s location was in the
USA, advertisements (mostly in Portuguese) were observed,
indicating that ad providers used the research’s Brazilian IP
address rather than the simulated GPS [Kuspil, 2024]. Addi-
tionally, the fixed screen ratio (9:16) influenced the collection;
it was observed that applications like Spotify and Google
Drive displayed the Navigation Rail (collected in the UID),
but this component is replaced by a Navigation Drawer on
devices with different ratios (such as 9:18), evidencing a limi-
tation in the generalization of certain collected components.

5.2.2 Two-Dimensional Analysis

While the unidimensional analysis describes component fre-
quency, the two-dimensional analysis investigates how these
elements relate to each other and to the applications’ metadata.
This analysis, which constitutes one of the main expansions
of this article compared to the original work [Kuspil et al.,
2025], was conducted using both the Pearson correlation co-
efficient (for linear relationships) and the chi-squared statistic
(for frequency associations). The results reveal implicit design
patterns, recurring technical choices, and domain-specific as-
sociations.

Analysis of the inter-relationships among the 49 inter-
face components, conducted based on the Pearson correlation
coeflicient, revealed several significant linear associations.
Positive correlations reflecting complementary design prac-
tices stand out, such as the strong association between Images
and Carousel (r = 0.28), indicating joint use in displaying
visual collections. On the other hand, relevant negative corre-
lations were identified, suggesting mutually exclusive design
choices. The most notable example is the strong negative
correlation between the Navigation Bar (bottom bar) and the

Kuspil et al. 2026

Navigation Rail (side bar) (r = —0.33), and between the
Navigation Bar and the Navigation Drawer (hamburger menu)
(r = —0.27). This indicates that developers tend to select only
one of these patterns as the application’s primary navigation
structure, something endorsed by design guidelines.

The chi-squared statistic complemented these findings by
identifying non-linear frequency associations. The strongest
association found was between List and Divider (55%), re-
flecting the almost ubiquitous UI practice of using dividers
to separate items in lists. Contextual associations were also
found, such as between Menu and Landscape mode (46%),
suggesting that the Menu component (more compact) is a pre-
ferred navigation solution in applications that allow rotation
to landscape mode, despite all the applications component
mapping being done in portrait mode.

The relationship between components and the 32 UID
application categories was investigated through heatmaps, re-
vealing domain-specific adoption patterns. The Map Views
component, for example, was widely used in “Maps & Navi-
gation” (83%), as expected, but also in 80% of applications
in the “Food & Drink” category, suggesting its intensive use
for restaurant location or delivery tracking. The Videos com-
ponent was present in 83% of “Social” apps but absent in the
“Auto & Vehicles” and “Finance” categories. Interestingly, the
Search component, although common in many categories, was
not identified in any “Dating” category application analyzed
in the UID. These patterns reinforce the role of functionali-
ties and user expectations in defining the interface elements
adopted per category.

The analysis also investigated the relationship between
the 49 interface components and the eight characteristic col-
ors identified in the UID [Kuspil, 2024]. The objective was
to verify whether an application’s visual identity (color) is
associated with the choice of its functional components. Al-
though the most popular structural components (such as Text
view or Icon button) show high frequency across all colors,
normalized analysis (percentage of apps of color X that have
component Y) revealed specific aesthetic patterns.

For example, applications with the characteristic color
Orange had the highest incidence of Slider (52%) and Videos
(59%) components. Curiously, although both components
stand out in this color, they do not have a significant Pearson
correlation with each other (» = 0.11), suggesting distinct
uses (likely in video or photography editing apps) that adopt
this palette.

Other colors showed notable associations: Yellow stood
out in applications using the Bottom App Bar (37% of yellow
apps use this component, nearly double the average of other
colors). In contrast, Magenta (one of the least used colors)
was the color with the highest proportion of apps using Date
Picker (44%) and Radio Button (31%), but it was not found
in any application using Map View. While these relationships
are less intuitive than category-based ones, they indicate that
visual identity is indeed associated with certain functional
design choices.

Finally, the distribution of characteristic colors by cate-
gory revealed aesthetic patterns aligned with the application
domain. Blue, the most popular color (39% of the UID), ap-
peared in 91% of “Tools” apps and 81% of “Weather” apps,
possibly due to the association with Google’s visual identity
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(present in “Tools”) and the sky (in “Weather”). Black was
predominant in “Social” (46%) and “Sports” (42%). Red
stood out in “Food & Drink” (56%) and “News & Maga-
zines” (56%), which may be associated with color psychology
(appetite stimulation) and attracting attention, respectively
[Kuspil, 2024; Singh, 2006]. Such findings suggest that pri-
mary color choices are linked to industry conventions, visual
identity, and user expectations per category.

5.3 Component Predictive Model

With the aim of verifying the applicability of the UID dataset
and demonstrating its analytical potential (as per Step 5 of the
DSRM), a practical evaluation stage of the proposal was con-
ducted. This evaluation consisted of developing and testing
a predictive model based on Machine Learning and Natural
Language Processing (NLP) techniques.

The development of the predictive model was not in-
tended as the primary outcome of this research. Instead, it
was employed as a proof of concept to demonstrate the feasi-
bility of using the constructed dataset to investigate and model
relationships between descriptive metadata and interface de-
sign elements.

To empirically validate the utility of the UID and explore
the relationship between textual metadata and interface com-
position, a set of predictive models was developed using the
applications’ full descriptions as input data. The objective
was to train supervised machine learning algorithms to predict
the presence or absence of 14 distinct interface components.

The evaluation was performed through 10-fold cross-
validation—a technique that ensures model reliability by test-
ing on different data subsets—covering 378 combinations of
classifiers (prediction algorithms), textual vectorization, and
feature selection [Géron, 2022]. As described in Section 3.4,
the models specific to each of the 14 components consistently
outperformed the majority error baseline, which represents
the simplest prediction by always choosing the most frequent
class. Notably, 11 models achieved accuracy exceeding 90%
on the UID data, while the remaining three reached above
82%. Their micro-F1 scores—a metric that balances preci-
sion and recall across multiple categories—closely followed
these values. The best performance was frequently associated
with the Multinomial Naive Bayes (MNB) classifier, specifi-
cally using an alpha hyperparameter (a smoothing technique
to handle unseen data) of 0.001. Furthermore, Bag of Words
(BoW) vectorization, which represents text through simple
word frequency counts, proved superior to TF-IDF (which
weighs word importance). This advantage is likely due to
BoW’s affinity with the MNB statistical model, which oper-
ates effectively with raw frequency distributions [McCallum
et al., 1998; Géron, 2022].

The generalization capability of these models was subse-
quently tested on a set of six popular applications not present
in the UID. In this evaluation with data unseen by the model,
the set of predictors achieved an overall success rate of 73%
in identifying the presence or absence of components.

Although this 73% performance on data new to the model
was lower than that obtained in cross-validation (above 90%),
it still significantly outperformed baseline approaches. To
contextualize, a simplified model that assigned the majority
class (based on the component’s frequency in the UID) would
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achieve only 58% accuracy, and a model that marked all 13
components as present would reach 68%. This indicates that,
despite the errors, the model did indeed learn relevant patterns
from the descriptions. Analysis of the errors revealed that the
limitations of the UID (e.g., the exclusion of messaging apps,
which hindered prediction for WhatsApp, one of the unseen
apps tested) and potential overfitting (due to the high num-
ber of terms relative to the 400 instances) were contributing
factors to the performance drop.

During the exploratory phase of the experiment, the use
of the “Short Description” metadata as an input attribute was
also investigated, aiming for a model that could operate with
more realistic descriptions of applications still in the ideation
stage [Kuspil, 2024]. Although models trained with the short
description outperformed the majority error (the best model
with 84% accuracy for the Top App Bar), their performance
was consistently lower than models trained with the full de-
scription (the best model with 93% on the same component).
It was concluded that the longer and more detailed text of
the full description, despite its advertising bias, contains a
significantly richer and more predictive vocabulary, justifying
its choice for the final model.

These results indicate that textual descriptions of ap-
plications can, to a certain extent, provide clues about their
interface composition, paving the way for automated appli-
cations in design and usability evaluation. Such a possibility
reinforces the potential of the UID as an empirical basis for
future studies in HCI, software engineering, and data science.

6 Validity Threats

The methodology employed in this study, particularly the
manual identification and cataloging of interface components,
is subject to internal validity threats such as researcher sub-
jectivity and fatigue. Since the classification of UI elements
relies on human judgment, there is a risk of inconsistent in-
terpretations across different applications or over extended
collection sessions. To mitigate these risks, data collection
followed procedures aimed at reducing fatigue and subjectiv-
ity, including the involvement of multiple researchers, prior
training on GMD components, and a consistency check based
on the re-analysis of a subset of the sample (10%) [Deka et al.,
2017; Kuspil, 2024].

Regarding construct validity, a notable point is the time
interval between the collection of metadata (AID) and compo-
nents (UID), with an average lag of three weeks due to tech-
nical limitations of the mining tools. Other threats include
the dependency on researchers’ interpretation in defining the
15 components not covered by GMD and the specificities of
the emulator, such as the 9:16 screen ratio, which influenced
the collection of responsive components, and IP detection
resulting in localized advertisements [Kuspil, 2024]. The
experimental nature of the predictive model, based on clas-
sical algorithms rather than deep learning, also restricts its
performance.

Finally, external validity is limited by the selection cri-
teria. The results reflect a snapshot (November 2023) of free,
popular apps in English from GPlay and are not necessarily
generalizable to paid apps, niche apps, or those from other
stores or operating systems. Using the average rating as a
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quality filter introduces bias, as it is a metric influenced by
external factors [Kuspil et al., 2024]. It is also emphasized
that the predictive model results indicate statistical correlation
between descriptions and interfaces, rather than causality.

7 Ethical Issues

The conduct of this research followed ethical principles aimed
at scientific integrity and responsibility in data use. The study
was based exclusively on the analysis of mobile applications
and publicly accessible information, involving no direct inter-
action with human participants, such as interviews, controlled
experiments, or the collection of sensitive personal data.

Under these conditions, and in compliance with applica-
ble ethical regulations, submission of the project to a Research
Ethics Committee was not required. During data collection
and analysis, measures were adopted to preserve researchers’
privacy and avoid the use of personal information, including
the use of fictitious data when filling out forms and the exclu-
sion of applications that required a personal phone number
for access.

8 Conclusion

This work presented a proposal for integrating metadata and in-
terface characteristics of mobile applications, realized through
the creation of two complementary datasets — AID and UID.
The proposal was not limited to data collection or organi-
zation but sought to establish a solid and structured founda-
tion for analyses that could benefit both the scientific field of
Human-Computer Interaction and the practical development
of interfaces. The construction of the datasets and subsequent
analyses allowed not only for the identification of relevant
patterns and relationships but also illustrated concrete possibil-
ities for use, such as the automated prediction of components
based on the applications’ textual descriptions.

Beyond the technical contribution associated with the
construction and availability of two complementary datasets,
this study advances the use of data-driven approaches to sup-
port research and practice in Human-Computer Interaction.
The empirical associations identified between interface com-
ponents, visual characteristics, and application categories pro-
vide actionable insights for design decisions in early stages,
comparative interface analyses, and evaluations of design
conventions. In this sense, the AID and UID datasets serve
not only as research artifacts but as decision-making support
resources for designers and researchers interested in ground-
ing the design of interactive systems on empirical evidence
extracted from real-world applications.

The contributions of this study are multidisciplinary,
impacting the fields of Software Engineering, Data Science,
and Human-Computer Interaction (HCI). For Software En-
gineering, the generated datasets (AID and UID) constitute a
valuable infrastructure for the empirical understanding of the
mobile application ecosystem. They function as methodolog-
ical benchmarks for the collection and integration of hetero-
geneous data (store metadata and UI components), enabling
large-scale studies on recurring technical requirements, soft-
ware evolution, and market trends.

In the field of Data Science and Artificial Intelligence,
the work demonstrates the feasibility of applying Natural Lan-

Kuspil et al. 2026

guage Processing (NLP) and Machine Learning techniques
to extract knowledge from unstructured software data. The
validation of Kuspil’s predictive model [2024] serves as a
proof of concept that commercial textual descriptions contain
latent signals regarding interface structure, paving the way for
new applications in automatic code generation and semantic
software analysis.

For the HCI community, the primary contribution lies
in the advancement of data-driven tools for design support.
The associations identified between components, colors, and
categories provide empirical evidence that reinforces (or chal-
lenges) established usability concepts and style guides. By
providing a technical abstraction of complex predictive mod-
els, these tools can bridge the gap for UX practitioners who, as
noted by Abbas et al. [2022], often possess limited familiarity
with machine learning internals. This enhances the devel-
opment of intelligent tools capable of supporting designers
and developers—especially beginners—by reducing cogni-
tive load and promoting access to best practices based on real
usage evidence.

Furthermore, the systematic mapping of real-world prac-
tices through the UID provides a foundation for discussing
the dual nature of interface standardization. While the re-
currence of Ul patterns—often driven by platform-specific
templates—promotes visual consistency, it also risks prop-
agating suboptimal practices. The UID enables researchers
to contrast dominant market patterns with established design
and accessibility standards, such as GMD and Web Content
Accessibility Guidelines, revealing whether current trends
promote inclusion or merely replicate existing barriers.

In a broader perspective, this research offers insights to
reflect on how knowledge extracted from large volumes of data
can be translated into practical support, whether to stimulate
designers’ creativity by presenting consolidated patterns or to
challenge conventions by revealing possibly suboptimal usage
trends. While current predictive models operate descriptively
by identifying potential components from text, the availability
of these datasets enables future integration with Generative
Al to synthesize visual sketches and high-fidelity prototypes.
However, the nuanced judgment, ethical considerations, and
strategic empathy of an experienced UX designer remain
essential to validate and refine these automated outputs.

In terms of research evolution and future work, there is
a highlighted need to expand the UID to include a greater
diversity of languages, regions, and application profiles, in
addition to formalizing a component identification protocol to
promote greater consistency in subsequent studies. Regarding
the predictive model, future investigations may employ more
advanced NLP and deep learning techniques, as well as test
other data sources — such as user reviews and real-time usage
logs — to enrich the accuracy and relevance of predictions. It
is believed that integrating these datasets with visual design
support tools could enable practical applications aimed at dif-
ferent developer profiles, contributing to the democratization
of access to best practices.

By presenting rich datasets and a multifaceted analysis,
this work contributes to the advancement of DDD, offering
concrete and validated resources that allow for a better un-
derstanding of the mobile application ecosystem. It has thus
been demonstrated that the integration between metadata and
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interface components is not only feasible but represents a
promising path for creating more effective and intelligent
solutions in the field of Human-Computer Interaction.
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