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Abstract—The inclusion of artificial intelligence (Al) has
become essential for mobile application development, allowing
improved personalization and optimization of the user experience.
Over the past decade, smart mobile devices have been observed to
enhance user experience across a variety of needs. The main
objective of this study is to evaluate Al-powered mobile
applications that utilize intelligent search mechanisms and more
accurate recommendations and analyze their impact on
addressing these user needs. The databases used were Scopus,
ScienceDirect, Web of Science, and EBSCO. A filtering process
using Prisma and a document quality assessment process was
performed to select the most relevant articles. The study posed
four questions related to the topic. The results showed that mobile
apps for search and recommendation are mainly based on hybrid
approaches (collaborative and content-based filtering) and deep
learning (autoencoders, LSTMs/transformers, and BERT-type
semantic retrieval embeddings), complemented by classic
techniques (matrix factorization, SVM, K-NN, and trees/boosting)
and contextual personalization (location, time, activity). It was
concluded that these Al additions benefited users and met their
search and recommendation needs. Furthermore, these
mechanisms are advancing by leaps and bounds, as we now talk
about more precise search and recommendation with voice,
images, and even video.

Keywords—Al algorithms; recommendation algorithms; mobile
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. INTRODUCTION

Artificial intelligence (Al) has become an important
component of mobile app development [1], allowing for the
implementation of recommendation algorithms that personalize
and optimize the user experience. These algorithms can analyze
a large amount of data to provide accurate and appropriate
suggestions that enhance user interaction with the application.

For example, work-related applications such as LinkedIn,
Indeed and Glassdoor stand out for connecting candidates and
employers through personalized recommendations.

In the educational sector, applications like Coursera,
Duolingo and Khan Academy integrate intelligent systems to
customize the teaching content for each student, and in
navigation, Google Maps and Waze use Al techniques to
optimize routes and provide real-time contextual information.

[1].

The integration of artificial intelligence into mobile
applications is particularly important for information searches in
the public and private sectors. Artificial intelligence provides a
personalized learning experience and adapts to the needs and
pace of each user.

This study provides an overview of how modern technology,
especially artificial intelligence, has the ability to guide and
recommend, allowing sugggestions to be personalized based on
user needs, facilitating not only searches but also the exchange
of information and advice between users. This fosters growth
and innovation in the technological field.

Applications that include artificial intelligence significantly
differentiate themselves in operational efficiency and user
experience by providing a more intuitive and personalized
interaction [1], [2]. This is in contrast to traditional applications,
which often offer a more general and less adaptive experience.

Among the benefits of using mobile applications with
artificial intelligence is the personalization of content, which
improves the ability to offer accurate recommendations based
on user behavior [2], [3]. These benefits not only improve user
satisfaction but also increase app retention.

The most important factors contributing to the adoption and
success of Al applications are ease of use, adherence to
recommendations, and the ability to adapt to changing user
needs [2]. These factors are important to ensure that applications
are not only adopted but also thrive in a competitive market.

The need to study this topic stems from the exponential rise
of mobile technology and its impact on users. As more people
rely on their mobile devices, it's important to understand how
artificial intelligence can improve this experience and what
challenges must be overcome for effective implementation of
this technology.

The main objective of this study is to conduct a systematic
review to identify and analyze the use of artificial intelligence in
mobile applications, which involve information search and
recommendation within the application. It also analyzes the
different Al algorithms and techniques that are commonly used,
and determines the sectors in which it has been most frequently
applied.
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This study will recommend solutions to improve the
integration of artificial intelligence into search and
recommendation. Using a PICOC approach, the impact of these
applications on the efficiency and effectiveness of everyday use
will be analyzed.

Il.  GAPS IN THE LITERATURE

Despite advances in the integration of artificial intelligence
(Al) into educational mobile applications, significant gaps in the
existing literature have been identified. Of the 58 studies
analyzed, only seven focus specifically on the education sector.
These works address use cases such as learning personalization,
interactive content delivery, and automated assessment.
However, none focus on job opportunity recommendations for
university students or graduates, highlighting a lack of research
on the application of Al for career guidance in this demographic.

Most Al-powered educational applications focus on features
such as content classification, interactive simulations, and
recommendation systems based on collaborative filtering,
recurrent neural networks (GRUSs), and text mining. These
technologies, while effective in personalizing learning, do not
address the specific needs of students seeking guidance in their
transition to the labor market in which they work [2], [3], [4],

(5]

Also, the lack of studies that integrate Al in mobile
applications for job recommendation and professional
development in the university environment limits the
understanding of how these technologies can support students in
planning their careers [5], [6], [7]. In addition, there is a lack of
research that evaluates the effectiveness of these applications in
real contexts, considering factors such as adaptability to
different academic disciplines and the diversity of student
profiles [7], [8], [9].

Therefore, this gap in the literature highlights the need for
future research exploring the design and implementation of Al-
powered mobile applications aimed at recommending job
opportunities for university students and graduates. Such studies
should consider the integration of technologies such as natural
language processing, machine learning, and adaptive
recommendation systems that can offer personalized guidance
based on users' academic profiles and career aspirations [9].

Ill.  RESEARCH METHODOLOGY

This study is based on a systematic review of the extraction
of scientific articles from various scientific databases using the
PRISMA methodology.

The PARSIFAL tool, a specialized platform for conducting
systematic literature reviews, was used. This tool facilitates the
organization and management of research through structured
searches in academic databases, ensuring transparency and
reproducibility of the process.

The research focuses on scientific publications related to
artificial intelligence in mobile applications, given that the
information is relevant and can be used. This study provides
context for mobile applications on various platforms, offering a
comprehensive view of the differences between applications that
employ artificial intelligence and those that do not.

Vol. 16, No. 8, 2025

A. Research Questions

To assess the scope of mobile applications incorporating
artificial intelligence (Al), particularly those dealing with user
experience, application usability effectiveness and technological
adoption, it is essential to have previous research demonstrating
the results achieved. To achieve the objectives of this systematic
literature review, the process has been structured into three main
phases: review planning, review execution and review
documentation, as shown in Fig. 1. This approach ensures a
comprehensive and systematic analysis of mobile applications
that integrate Al, comparing them with those that do not use this
technology [5].

In addition, a detailed protocol was developed for the review,
which established search filters and defined the study area in the
context of mobile applications. The research questions guiding
this review are shown in Table I.

TABLE I. DEFINING THE RESEARCH QUESTIONS

Nro Research questions Reason

What artificial _|nte|||gence Helps identify which Al methods

methods, techniques, and 4 aloorith d
RQ1 | algorithms are used in mobile and algorithms are used to

applications for information improve reco_mmendatlons and

. search in mobile apps.

recommendation and search?

Whlc_h artificial |nte|||gence It allows you to know which

algorithms _or  techniques algorithms are the most common
RQ2 were most frequently used in and effective in  mobile

mobile information search -

- recommendation and search

and recommendation apolications

applications? PP '

In which areas or sectors were | Helps you discover the sectors

smart  applications  for | where Al-powered apps for
RQ3 | : . h -

information recommendation | recommendation and search have

and search most widely used? | the greatest impact.

What are the Im)ltatlongat_‘nd Help identify challenges and

challenges in using artificial obstacles in using Al in mobile
RQ4 mtel_llge_n ce. mn moplle apps to improve search and

applications for information -

- recommendation.
search and recommendation?

B. Search Strategy

A systematic search was carried out in four databases:
Scopus, ScienceDirect, EBSCO Host, and Web of Science
(W0oS) to compile research on the use of mobile applications that
integrate artificial intelligence techniques. The time range
considered was 2020 to 2026, allowing us to focus on recent and
relevant studies.

Search strings were constructed using Boolean operators
(AND, OR, NOT), combining terms related to artificial
intelligence, mobile applications, search and recommendation
functionalities, as well as user experience and technical aspects.
In addition, exclusion filters were applied in some databases to
exclude publications related to the medical field. The exact
strings used are presented in Table II.

C. PRISMA Method

When conducting a systematic review on artificial
intelligence in mobile applications, PRISMA helps structure the
review process to be clear and reproducible. This is especially
important in a field as dynamic as Al, where the literature can
be extensive and varied [10].
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TABLE I1. SEARCH CHAIN FOR EACH DATABASE

Database Search string

( "artificial intelligence” OR "ai" OR "machine
learning” OR “deep learning" OR ‘"neural
networks” ) AND ( "mobile application” OR
"mobile app" OR "smartphone application" OR
"app") AND ( "search" OR "recommendation” OR
"suggestion" OR “discovery" OR ‘"ranking
function” OR "search algorithm™ ) AND ( "user
experience” OR "ui" OR "ux" OR
"personalization” OR “interaction” ) AND (
"algorithm” OR "model" OR "system" OR
"framework" )

("artificial intelligence" AND "mobile
applications")AND ("machine learning" OR "deep
learning” ) NOT ("health” OR "covid 19" OR
"Medical")

( “artificial intelligence” OR "ai" OR "machine
learning” OR “deep learning" OR ‘"neural
networks” ) AND ( "mobile application” OR
"mobile app” OR "smartphone application" OR
"app") AND ( "search" OR "recommendation” OR

Web of Sciencie

Science Direct

Scopus "suggestion” OR "discovery" OR "ranking
function"” OR “search algorithm" ) AND ( “user
experience” OR "ux" OR "personalization" OR
"interaction" ) AND ( "algorithm" OR "model" OR
"system" OR "framework" )

( "Artificial Intelligence” OR "IA" OR "Machine
learning” OR "deep learning" ) AND ( "mobile

Ebsco applications” OR "Mobile apps” ) AND (
"algorithm™ ) NOT ( "Health" OR "Covid 19" OR
"Medical")

In this review, we begin by identifying a large number of
papers related to Al in mobile applications. Using the PRISMA
flowchart, we document each stage of the selection process,
from the initial identification of 6,138 articles to the final
selection of 58 relevant articles. This flowchart facilitates
understanding and ensures transparency of the selection process,
as shown in Fig. 1.

Identification of new studies via databases and registers

Records identified from:
Databases (n = 4):
WOS (n = 60)

Records removed before screening:
Duplicate records (n = 4)
SCOPUS (n=371) — Records marked as ineligible by automation
Science Direct (n = 4,650) tools (n = 5,962)
EBSCO (n = 1,057) Records removed for other reasons (n = 2)
Registers (n = 6.138)

Identification

Records screened Records excluded
(n=170) (n=112)
2 l 2
= Reports sought for retrieval Reports not retrieved
3 (n=0) (n=0)
’ '
Reports assessed for eligibility Reports excluded:
(n=58) CC(n=0)
New studies included in review
3 (n=58)
3 Reports of new included studies
£ (n=0)

Fig. 1. Article selection process.
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In accordance with PRISMA, we pre-specified and fully
reported the eligibility criteria used to screen the studies. We
included peer-reviewed articles on mobile apps that implement
Al techniques and that examine user outcomes, such as
acceptance, behavior, or satisfaction with everyday use. We
excluded records that did not focus on mobile apps, that did not
directly employ Al, or that were non-empirical works, as well as
duplicates.

Study selection followed a two-stage process documented in
a PRISMA flowchart with the counts of records identified,
reviewed, excluded, and included, along with the reasons for
exclusion. For the studies, we extracted key variables and
conducted a narrative synthesis. In the context of Al for mobile
apps, this synthesis highlights how search and recommendation
algorithms relate to user satisfaction and acceptance and
identifies areas where evidence remains limited.

D. Stages

Moving on to the stages, this process of selecting and
filtering papers for this study is carried out through a systematic
approach and in successive stages, applying specific search,
filtering, inclusion, and quality criteria in the selected databases
(WoS, Science Direct, Scopus, and EBSCO). The initial search
generated a high volume of papers, which were reduced and
evaluated through six main stages, detailed below:

1) Stage 1 — No filters: This is the initial phase of searching
for all possible information related to the research topic without
using any exclusion or selection criteria. The main objective
here is to thoroughly review and gather the most appropriate
data, documents, or articles, although some may not be useful
in the end. The search strings used in this stage are shown in
Table II.

2) Stage 2 — Basic filters: Internal filters were applied to
each database to restrict results to the last five years (2020 to
2026), select open access scholarly and review articles, and
limit the languages to English and Spanish for WoS, Science
Direct, and Scopus, and English only for EBSCO HOST. After
this step, 1,485 records remained that met these requirements.

3) Stage 3 — Initial inclusion and exclusion criteria by
database: This consisted of applying our specific inclusion and
exclusion criteria mentioned in the methodology, which varied
slightly depending on the database. Articles with sources that
were not part of the study were discarded, such as:
“Rehabilitation”, “Geochemistry”, “Operations Research”,
“Management Science”, “Physics or Mechanics”, “clinical”,
“health”, “Covid”, “Human”, “Healthcare”, “Autism”, “covid-
197, “Diabetes”, “Diagnosis” and “impaired”, which led to
obtaining 176 articles.

4) Stage 4 — Duplicate removal: Duplicate articles across
different databases were identified and removed. This is critical
to ensuring the quality and accuracy of the analysis, yielding
170 independent references.

5) Stage 5 — Specific inclusion and exclusion criteria:
Additional inclusion criteria were applied, such as analyzing
the impact of Al on mobile applications and recommendation
algorithms, and exclusion criteria were applied, eliminating
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studies outside the fields of engineering, Al, and mobile
applications. The inclusion and exclusion criteria used are
shown in Table Il and Table IV.

TABLE I1l.  INCLUSION CRITERIA
Nro Inclusion Criteriaa Reason
This criterion is important for
Articles that analyze the | understanding the impact of this
impact of Al on users' daily | technology on the daily lives of
Cil1 lives and the technology's | users who adopt it. It also allows us
acceptance in  mobile | to assess the technology's viability
applications. in the market and its growth
potential.
This is important because it ensures
Articles  that  address Fhat the_selec_ted artlcles_ provide
CI2 Mobile Aoplications information directly applicable to
PP ' the development and use of Al in
the mobile environment.
Articles - that address Isngstansdtiundleihe ?r:eetholgg{o ietsO
artificial intelligence (Al) 9 gIes,
CI3 - - tools, and architectures used to
applied to mobile | . - h f
application development |ntegrat§ Al into these types o
' applications.
Atticles  that  discuss Includlng.studles that analyze these
machine learning  and technologies aIIows_ us to
S . understand how machine learning
digital technologies that e N
Cl4 . : . models optimize the functionality
contribute to improving - S -
L of mobile applications, benefiting
user efficiency and ersonalization speed and
convenience. personaization, ~ sp
precision in interaction.
Articles  that  include | This ensures that research focusing
recommendation on the  development and
CI5 - - . . ]
algorithms  in mobile | effectiveness of recommendation
applications. systems is investigated.
TABLE IV.  EXCLUSION CRITERIA
Nro Exclusion Criteria Reason

Removing duplicate articles is
standard in review research; this
prevents repetition and makes
sure each study offers fresh,
relevant information.

CE1 | Duplicate articles

Focusing on these areas ensures

Stughes_ not related to the reviewed studies are both
engineering, software . .
; technically sound and practically
development, mobile ]
CE2 L useful, excluding research that
applications, computer doesn't offer applicable
science, artificial intelligence, pp
. - knowledge for developing or

or digital technologies. . . . .
implementing Al in mobile apps.
Research into digital | By focusing only on studies of
technologies for non-mobile | mobile platforms, we can be sure
platforms, such as desktop | the articles we choose offer

CE3 . e o .
applications or back-end | insights specific to the unique
systems  without  mobile | challenges and benefits of mobile

functionality. environments.

This selection process eliminates
studies unrelated to mobile apps,
concentrating the review on
research relevant to the unique
challenges and environment of
mobile devices.

Research that addresses Al
technologies, machine
CE4 | learning, or algorithms, but is
not applied in the context of
mobile applications

Ensures that selected articles
focus on specific application
areas that seek to improve the
user experience on mobile
devices.

Posts  focused on Al
applications that are not
related to mobile apps or
recommendation algorithms.

CI5
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6) Stage 6 — Quality assessment: Articles that passed the
preceding stages were evaluated using an eight-question quality
checklist. A minimum score of 4 was required to proceed. The
criteria assessed methodological rigor and the extent to which
user acceptance of Al in mobile applications was analyzed.
Table VI lists the 58 studies that met the threshold and advanced
to the final stage.

The general summary of the total number of articles we
obtained at each stage can be seen in Table V.

Finally, we evaluated the relevance of each article to our
quality questions, awarding 1 point for a complete answer, 0.5
for a partial answer, and 0 for no direct evidence. Of the 58
articles evaluated, all achieved an average of 5.45 points,
confirming their suitability for in-depth analysis. Each article's
results are shown in Table VI.

Articles that passed Stage 6 were evaluated in a final phase
to determine their contribution to the research questions. This
evaluation ensured that the studies aligned with the established
thematic  lines:  efficiency  improvement, popularity,
technological trends, use cases, impact of recommendation
algorithms, and challenges in user experience. Specific research
questions addressed the following topics:

e Improving
applications.

efficiency through Al-based mobile

e Current technological trends in Al applications.
o Al use cases in the fields of employment and education.

e Impact of recommendation

experience.

algorithms on  user

E. Keyword Analysis

To identify the thematic axes, a co-occurrence map was
created with VOSviewer 1.6.x, applying the association strength
algorithm of van Eck and Waltman [11]. We worked exclusively
with Scopus, the most cited database and with the greatest initial
coverage in this study. Each node of the graph represents an
author's keyword; its size indicates the frequency, and the
thickness of the links reflects the intensity of co-occurrence.

e Fig. 2: We started with a corpus of 371 articles. The 170
terms we chose fell into five groups, with machine
learning, artificial intelligence, and mobile apps being
the most common. This shows how important Al is for
mobile devices.

e Fig. 3: Cleaned-up corpus (31 articles). Following
PRISMA filtering and quality control, the resulting graph
showed 16 terms in two clusters:

o Technical (red): machine learning, deep learning,
natural language processing, mobile applications.

o Evaluation with users (green): human, controlled
study, procedures.

The reduction from five to two clusters indicates that the
most rigorous evidence focuses on: i) Al techniques for mobile
personalization andii) experimental studies with users.
Furthermore, the absence of terms such as "job
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corroborates the

previously identified gap: the lack of research that provides

professional gu
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idance to students and graduates through Al-

powered mobile applications.

TABLE V. DATABASE RESULTS
Results
Database Stages
Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 Stage 6
WOS 60 36 23 23 10
SCOPUS 371 78 46 5 41 31 58
Science Direct 4650 1127 69 69 7
Ebsco Hostt 1057 244 38 1 37 10
Total 6138 1485 176 -6 170 58 58
TABLE VI.  MOBILE APPS WITH Al: METHODS AND TECHNOLOGIES
Method / Technique Recommendation Algorithm What is it for?
Filter and Recommendation [12], [13], [14] . . .
Systems Evaluation and QA [15], [16] ?gg]c h[lgz] L[%ag]n ing (generic) [14]. [23]. [28], [301. [311,
Data Extraction and Preprocessing [12], [17] Tree and Ensemble Algorithms Random Forest [22], [24] | Content and feature based

Statistical Analysis [18], [19]

Sequential Modeling and Transitions [19], [20]
Probabilistic Methods and Game Theory [21]
Classical ML Algorithms [20], [22], [23], [24]
Hyperparameter Optimization [20], [25]

Deep Learning and Neural Networks [23], [24], [25],
[26], [27], [28], [29], [30], [31], [32], [33], [34], [35],
[36], [37], [38], [39]

Architectures Advanced Neural Processing [29], [31],
[40]

Image and Sensor Processing [14], [31]

Natural Language and Text Processing [35], [41],
[42], [43]

Dialogue and Text Generation [41], [44]

User Profiling and Behavior [15], [45]

Ranking and Output Combination [19], [20], [28],
[33], [34], [38], [42], [44]

Random Survival Forest [23]

Logistic Regression [17], [19]

Gaussian Process Regression [21]
Clustering and K Means Neighbors [15]
K-Nearest Neighbors (KNN): [23], [40]
Natural Language Processing (NLP) [16]
Neural Networks (Deep Learning) CNN [20], [27], [29],
[32], [33], [34], [35], [36], [37], [38], [41]
RNN [44]

LSTM [36], [37], [44]

GRU

ANN

SNN (also: Generic Deep Learning) Supervised Learning
Algorithm (Generic) Combined / Advanced Vision,
Methods: Mask R CNN, Faster R CNN, K Means
Algorithm

recommendation [15], [28], [32], [37],
[38], [42], [43], [45]
Behavior-based and
recommendation [44]
Prediction based on biomedical and
clinical data [18], [22], [23], [27], [34],
[35]

Detection based on security patterns and
anomalies [19], [30]

Optimization based on performance and
resources [20], [21], [24], [25], [33], [36],
[40]

Adaptive interfaces based on user signals
[14], [16], [17], [26], [29], [31], [39], [41]

collaborative

Method / Technique

Search Algorithm

What is it for?

Machine Learning [46]

Deep Learning [47]

Random Forest [48]

Neural Networks (CNN) [47]
Data Preprocessing, [48]
KNN

SVM

NLP [46]
CNN [47]
Logistic Regression [48]

Search based on efficiency and user
experience [46]

Classification based on visual features
and deep learning[47]

Analysis based on text mining [48]
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Fig. 2. Image of Scopus keywords before filters. Fig. 3. Scopus keywords image after applying the filters.
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IV. RESULTS

Below, the results obtained from the Parsifal platform will
be explained, both as selected and accepted articles, and the
articles that respond to the research questions posed in Table |
will also be detailed, each question with its respective answer.

A. Descriptive Results

1) Article by source: The pie chart (see Fig. 4) summarizes
the relative contribution of each database to your search:

e Science Direct 39.7 % provides the majority of the
results, almost four out of ten.

e Scopus 25.9 % is the second most prominent source, with
just over a quarter.

e EBSCO remains the most important at 21.3 %, covering
approximately one-fifth of records.

e Web of Science 13.2 % contributes the smallest portion,
about one in eight results.

These four databases cover the entire range of findings, with
Science Direct leading by far and Web of Science having the
smallest share.

® Web of Science
® Scopus

Science Direct
@® EBSCO

Fig. 4. Percentage distribution of results by database.

2) Accepted articles: For this research, based on the
databases and search strings used in each, a total of 6,138
articles were selected, and after a multistage filtering process,
only 58 were ultimately accepted for the study (see Fig. 5). Web
of Science shows the highest acceptance rate (16.7%), followed
by Scopus (9.4%). EBSCO has a medium-low rate (1.1%),
while Science Direct, despite being the source with the most
articles retrieved, provides the lowest proportion of accepted
articles (0.2%).

& I Selected
N Accepted

Number of Atici
N a

@

=

&

H

H

8

=]

3

Fig. 5. Number of articles selected and accepted by the database.

B. Answer to Each Research Question

The answers to each of the research questions are presented
below. Each answer will be based on the content of the selected
articles that provide specific evidence.

Vol. 16, No. 8, 2025

1) What artificial intelligence methods, techniques, and
algorithms are used in mobile applications for information
recommendation and search?

Mobile applications that integrate artificial intelligence for
information recommendation and search employ a variety of
advanced methods and techniques, including machine learning
algorithms (such as decision trees, logistic regression, Random
Forest, KNN, and clustering), deep learning techniques
(including convolutional neural networks —CNN-, recurrent
networks —RNN, LSTM, GRU-, and advanced architectures
such as Mask R-CNN and Faster R-CNN), as well as hybrid
approaches that combine recommendation, classification, and
ranking of results. Other methods, such as data extraction and
preprocessing, feature selection, and natural language
processing (NLP), are also used to analyze user behavior and to
improve the understanding and retrieval of textual information.

2) What Al algorithms or techniques were frequently used
in mobile information recommendation applications?

The reviewed studies emphasize the use of neural networks
(including various deep learning models) because they
simultaneously learn item characteristics and user preferences,
generating highly accurate recommendations even with
heterogeneous data (text, images, clicks). Traditional machine
learning algorithms, such as SVM, KNN, or trees, are also used
when a lightweight model that can run quickly on the device is
needed. Many studies combine these two types with clustering,
which groups users or content to initiate recommendations when
there is little historical information. Content filtering has proven
useful for suggesting items similar to those already viewed,
while natural language processing (NLP) techniques help
interpret queries or reviews and enrich the user profile. Finally,
methods such as Random Forest occasionally appear for
classification tasks within the system, but are not the core of the
recommendation process, as summarized in Table VII.

TABLE VII. MOST FREQUENTLY USED ALGORITHMS

Avrticles Tendencies

[14], [15], [16], [30]

[24], [25], [28], [45]

[14], [23], [28], [30], [31],
[33], [34]. [38]

[16], [46]

[20], [27], [29], [32], [33],
[34], [35], [36], [37], [38],
[41]

[48] Random Forest
[19], [20], [28], [33], [34],
[38], [42], [44]

Filtering and Recommendation (by content)

Deep learning

Machine learning

Natural language processing

Neural Networks

Clusters

3) Inwhich areas or sectors were intelligent applications for
information recommendation and search most used?

The sectors where intelligent applications for information
recommendation and search were most widely applied were
healthcare, technology, entertainment, and education. The
healthcare sector stood out for its personalized diagnostic and
monitoring  systems;  technology and  entertainment
demonstrated advanced use of algorithms, such as collaborative

641|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 16, No. 8, 2025

filtering, NLP, and neural networks to personalize content, with
high potential for adaptation to the work context. Although no
applications aimed at job recommendation were found in

education, similar techniques were used, demonstrating the
transversality of these technologies in different contexts, as
shown in Table VIII.

TABLE VIIl. SMART APPLICATIONS IN KEY SECTORS FOR INFORMATION RECOMMENDATION AND SEARCH
Sector / Area Use Cases Application Type Technology / Al / Algorithms
Health 1. Personalized and Predictive | Optimizing medical processes and | 1. Machine Learning and Deep Learning
(18], [22], [23], [25], s S : e : : :
Clinical Care clinical support with smart | 2. Clinical and Biomedical Processing
[26], [27], [29], [39], | , " g . . ( C _
. Support and Automation for | technologies. 3. Multimodal Analysis and Media
[44], [46], [49], [50], ; ; . 1 _
Professionals Advanced diagnostics, treatment | 4. Adaptive Systems and Personalized
[51], [52], [53], [54], ; o e :
3. Advanced Analytics and | customization, and intelligent | Recommendations
[55], [56], [57]. [58], Recommendations monitoring 6. Technological Infrastructure and loT
[59], [60], [61] ' '
L. Movie _recommendatlons on 1. Collaborative and Content-Based Filtering
platforms like Netflix, Amazon . . :
Intelligent recommendation | Techniques

Digital entertainment

Prime, and Disney.

systems for digital content

- Knowledge-Based Systems and Hybrid Approaches

[38]. [62] ?e c OmF;l?I;Odnaat:::)Zr?Sd or?horstho rtYfIgrer(r: (movies and short videos). 2. Deep Learning and Stream Processing
video platforms 3. User Interest Modeling
1. Recommender systems with collaborative filtering
- Personalization and leaming Smart educational apps for: 2. GRUs (Recurrent Networks) for adaptive

Education

recommendations

- Personalized recommendations

recommendation

- - - Automated assessment 3. Text mining and SNNs
%ég} [[6%8][6[3? 1. [47] I,thtrgﬁ:;\t/g dcc::r:)t:tr;t n(tjerl,:]\;?g ement. | - Interactive simulations 4. Al with pattern recognition
' ' e nag ' | - Content classification 5. Physical and 3D simulations
classification, and evaluation ; L - -
- Learning personalization 6. NLP and machine learning
7. Knowledge tracking with convolutional CKT
. . 1. Data-driven diagnosis
. Animal health diagnostics, crop MOb”e gnd smart apps fo_r animal 2. TAM (Technology Acceptance Model)
Agriculture - . diagnostics, agricultural .
disease  detection, and loT L - 3. Convolutional Neural Networks (CNN)
[66], [67], [68] o monitoring, and personalized -
monitoring. - 4. Inception v3
recommendations. - .
5. Deep Metric Learning
1. VADER
Technology Content  personalization,  user | Intelligent apps and platforms for | 2. Machine learning
[16], [28], [69], [70], | satisfaction prediction, semantic | behavioral analysis, contextual | 3. Natural language processing (NLP)
[71], [72] retrieval, interface and news | personalization, and adaptive | 4. Matrix factorization (MF) 5. GNNs + HAMP 6. 1. FIS
personalization. interaction. (Feature Interaction Search) 7. 3. Recommendation
algorithms
Smart investment advice through | Multidimensional data analysis to | 1. NLP

Finance [17]

mobile apps.

recommend appropriate options.

2. Question and Answer (Q&A) Systems

Cybersecurity
[43], [45]

1. Malware detection in Android
through API call sequence analysis.
2. Botnet detection in Android
through static app analysis.

1. Optimized algorithms to reduce
redundant exploration paths.
2. Intelligent mobile
detection framework.

threat

. Machine Learning Classifiers
. Pruning Search

. Graph Transformation

. Permissions Review, APIs

. Supervised ML

Technological
Infrastructure [19]

Predicting non-functional attributes
(QoS) in cloud services.

Intelligent time-sensitive models
for quality prediction.

. Sequential Modeling (GRU)
. Probabilistic Discrimination (GAN)

Voice assistants and self-service

. Voice Assistants (VAS)

Trade Voice  shopping, personalized Kiosks with roduct LLMs
[14], [73] recommendations on smart kiosks. - P . Deep learning
customization. REID
. . 1. Mobile apps with adaptive . Deep Learning (DNN)

Transportation / L . Emot_lon recognltl_or] and neural networks based on device . AdaScale for real-time dynamic scaling.
A : assistance in automated driving. .

utomation 2 Analvsis of user feedback on context. Deep Learning
[36], [41] | Y 2. Text classification and . Transformers (BERT, XLNet)

electric vehicle charging stations.

sentiment analysis.

CNNs, LSTMs

Computer Vision / Al
[74], [75]

Object recognition in images/videos
and analysis of ceramics in cultural
heritage.

Apps with neural networks that
detect, classify, and group visual
objects on the device.

. ML on mobile devices
. Faster R-CNN, Mask R-CNN
. K-means

Mobile Sensing / 1oT /

Crowdsensing of spatial data

Mobile apps with incentives to

. Stackelberg Mechanism

WwhRNRP| VPR (N RloRONRRONRERIMROMOND R

h (location, audio, etc.) for tasks such | collect data while protecting - ) .
Privacy [42] as environmental monitoring. privacy. - Privacy-aware data sharing
Telecommunications / | User opinion analysis using textand | Mobile applications that extract . Text mining
Energy [21] sentiment mining. knowledge from textual feedback. . NLP for topics and emotions

Energy optimization in homes and | Systems with IoT sensors and . Digital Twins
Energy / Smart Home buildi h h dicti del | for O
[33], [48] uildings  throug occupancy | predictive models to contro . ML for Occupancy
' detection. HVAC. . CNNs + Wavelet Transform
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Tourism / Personal

Mobility [37]

Recommendation of places to visit

based on user behavior.
sequence.

Recommendation systems based
on location

1. InfAM
2. Embeddings
3. Residual network

and  check-in

4) What are the limitations and challenges of using artificial
intelligence in mobile applications for information search and
recommendation?

Limitations and challenges in the use of artificial intelligence
in mobile applications for information search and
recommendation were identified in the quality and availability
of data, effective personalization in diverse contexts, and ethical
concerns related to user privacy. In sectors such as healthcare

and education, implementation is limited by the sensitivity of the
information and the need to comply with strict data protection
regulations. Although technologies such as neural network
filtering have proven effective, their performance can always be
affected by incomplete or biased data. Poor interoperability
between platforms and a lack of common standards make it
difficult to integrate these systems into large-scale mobile
applications. These aspects are summarized in Table IX.

TABLE IX.

LIMITATIONS AND CHALLENGES OF USING INTELLIGENCE IN MOBILE APPLICATIONS FOR INFORMATION SEARCH AND RECOMMENDATION

Search Algorithm

Limitations

Challenges

- KESS (Keyword Growing +

Systematic Search)
- Content-based Image
Retrieval + Deep Metric

Learning (Contrastive Loss)

Search results took 43 seconds longer on average. [46]
Inaccurate dance pose evaluation. Limited accuracy in
real-life scenarios (71%), biased recognition of foods
from one's own country. [73]
QoS data shortage; cold
users/services.[40]

Variable quality and possible noise in crowdsourced
data; reliance on student data.[60]

Missing important information and challenging
viewpoints due to algorithms.[15]

Limited accuracy in some visual categories. [22], [53]
Validation results in animal models (rats) do not fully
reflect human effects. [66]

start with new

Ensure user trust and data quality. [27]
Improve the accuracy of object
recommendations. [39]

Various hardware conditions and limited resources on mobile
devices. [25]

Accurate QoS prediction, improving user experience. [40]

Reduce computational cost without losing accuracy. [65]

Capture complex user behavior patterns. [37]

Improve infrastructure and data quality, ensuring effective
personalization. [75]

Improve the accuracy of predicting dynamic user interests. [39]

recognition and visual

- GRU-GAN

- Stacked Autoencoders

- Graph Autoencoders

- Neural Networks (Deep
Learning, Transfer Learning)

- Linear and Lasso Regression
Models with Genomic Data

- Collaborative Filtering (CF)
and Matrix Factorization (MF)

- Collaborative  Filtering,
Stacked Autoencoders, Graph
Autoencoders

- Recommendation Algorithms
Based on News Personalization
- Adaptive and Personalized
ML Techniques

- Recommendation Algorithms
Based on Medical Evidence +
Generative Al (ChatGPT-4)

- Diagnostic and
Recommendation Algorithms

- Conscious Influence in
Successive POI
Recommendations

- CAT-MF Rec Based on DIEN
and Cross-Attention
Mechanism

(investors, travel itineraries, clinical treatment). [6],
[40], [46], [50]

- Difficulty distinguishing explicit vs.
feedback. [38]

- Latency and data quality limit dynamic user profile
updates. [18], [27]

- Anthropomorphic interfaces or Al do not always
increase trust. [63]

- Dependencia ciega del usuario sin entender como
funciona el algoritmo. [15], [37]

- Falta de consenso en autoevaluacion del estado de
animo y otros autoinformes. [54]

- Modelos grandes (LLM, DL) dificiles de ejecutar en
moviles. [65]

- Necesidad de adaptacion constante a condiciones del
hardware (bateria, CPU, red). [25]

- Complejidad computacional y procesamiento
multimodal (rostro, voz, biometria) elevan el consumo
de recursos. [26]

- Preocupaciones por privacidad y almacenamiento de
datos sensibles. [29], [39], [54], [56], [57]

- Algoritmos generativos ain con limitaciones de
precision y seguridad. [57]

- Alto tiempo de implementacidn y escasa integracion
con sistemas existentes (historial electronico,
plataformas de terceros). [56]

implicit

Recommendation Algorithm Limitations Challenges

- Integrate contextual cues (location, time, usage, history) [86]
- Collaborative Filtering - Combine demographic, genomic, or microbiome data to
- Hybrid Filtering - Inaccurate or misguided recommendations | personalize clinical interventions [37], [52]

- Incorporate continuous

- Fusionar filtrado colaborativo, basado en contenido y demografico
sin comprometer escalabilidad. [53]

- Integrar modelos de lenguaje grande (LLM) para mas precision y
velocidad. [38], [39], [46], [73]

- Adaptar modelos a dispositivos con recursos limitados y validar
su desempefio. [25], [72]

- Integrar reconocimiento de voz, rostro, emociones y texto (PLN)
en recomendaciones. [51]

- Fusion eficiente de multiples modalidades para mejorar la
personalizacion. [27], [39], [45], [46], [57]

- Ajustar recomendaciones a expectativas, progreso y “olvido” del
usuario en tiempo real. [27], [39], [42], [46], [57]

- Identificar factores clave que influyen en preferencias cambiantes.
[18]

- Disefiar Ul accesibles que permitan calibrar el nivel de confianza
del usuario. [63]

- Mejorar la transparencia para evitar cdmaras de eco y fomentar la
comprension del sistema.[15], [23]

- Garantizar robustez en entornos diversos y culturas distintas. [75]
- Aumentar la empatia de la A para diferentes perfiles y contextos
de compra o uso. [41]

Salud: personalizar rutas de aprendizaje/coach, recomendaciones
de medicacidn seguras y evaluacion de resultados clinicos.
Educacion: generar rutas de aprendizaje personalizadas y
adaptativas.

Entretenimiento & otros: integrar contenidos y experiencias
altamente personalizadas.[7], [46]

V. DISCUSSION

In this systematic review, we examine how artificial
intelligence is integrated into mobile applications for
information search and recommendation, addressing four
research questions. We reduced the initial corpus from 6,138
records to 58 included studies after applying prespecified

eligibility criteria—publication window (last five years),
English/Spanish language, software-engineering relevance, and
an explicit focus on search or recommendation algorithms.
Among the included studies, 39.7% were retrieved from
ScienceDirect, 25.9% from Scopus, 21.3% from EBSCOhost,
and 13.2% from Web of Science, reflecting differences in
coverage and accessibility across databases.
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Regarding methods and algorithms (RQ1), the articles
studied confirm the dominance of CNN neural networks for
visual content and RNN/GRU/LSTM for interaction sequences
combined with classic machine learning techniques (decision
trees, SVM, k-NN, Random Forest). This coexistence responds
to a compromise between precision (achieved by deep models)
and lightness (necessary for on-device processing). In addition,
there is a growing use of hybrid approaches that combine
collaborative filtering and classification, as well as PLN can also
be used to obtain knowledge and information from text corpora.
Taken together, these techniques show the potential of machine
learning algorithms to reduce the workload of human analysts
on specific tasks [76].

Regarding the technological trends found in the study
(RQ2), the analysis shows that neural networks appear in more
than half of the studies, followed by classic collaborative
filtering, content-based filtering, and clustering. This pattern
indicates that developers prioritize models capable of learning
deep representations when resources are available, while using
lightweight collaborative, content-based, and clustering
techniques for auxiliary tasks such as pre-filtering, cold start, or
segmentation. The still-spot presence of Random Forest and
other ensembles provides a niche for interpretable and efficient
algorithms, especially in domains where system explanation is
critical. Computer tools that make users think about products,
services or content according to their interests, characteristics
and behavior using algorithms [77].

Sectors that were applied (RQ3). Four sectors concentrate
the majority of the implementations:

Healthcare. Personalized diagnostic and monitoring systems
predominate, requiring clinical precision and regulatory
compliance.

Technology and entertainment. Collaborative filtering, NLP,
and neural networks are used to personalize content in real time.

Education. Resource recommendation systems, automated
assessment, and interactive simulations are being used, although
research on job or internship recommendations for students is
lacking.

General services (travel, finance, commerce). They use Al
to suggest routes, products, or investments, but face greater
challenges in terms of trust and regulation.

The underrepresentation of the education sector in job search
tasks constitutes a clear opportunity for research and transfer.

Limitations found (RQ4). The identified limitations
converge on three axes: Data and accuracy. Scarcity or noise in
training sets, cultural biases, and latency when updating profiles
affect the quality of recommendations. Resource constraints.
Large models increase CPU, battery, and bandwidth
consumption; mid-range or low-end devices affect performance.
Trust, privacy, and integration. Users often rely on
recommendations they don't understand, while concerns persist
about the use of biometric data and interoperability with external
systems. These limitations pose immediate challenges:
optimizing models for edge computing without sacrificing
accuracy; efficiently fusing contextual and multimodal signals;

Vol. 16, No. 8, 2025

designing explainable interfaces that enhance algorithmic
literacy; and aligning solutions with ethical and regulatory
frameworks, especially in healthcare and finance.

Strengths and limitations: The use of the PRISMA
methodology and the coverage of four recognized databases
increase the comprehensiveness and transparency of the review.

This systematic review shows that Al drives personalization
and efficiencies in mobile search and recommendation
applications. Despite this, its widespread adoption faces
challenges related to data, technical resources, and user trust.
Mapping the different algorithms, sectors, limitations, and
opportunities identified a clear gap in the educational field. Very
few studies explore the use of mobile Al to facilitate access to
academic or training information. Therefore, in future work, it
allows us to draw a broader research focused on the
development of search and recommendation algorithms that not
only prioritize efficiency and precision, but also guarantee
transparency in their processes and the protection of sensitive
user data. This involves exploring explainability techniques in
Al that allow understanding how recommendations are
generated and avoiding biases in the information offered. It is
also necessary to investigate how these applications can be
effectively integrated into learning environments, encouraging
the personalization of educational content and adaptability to
different learning styles.

Finally, the future of this line of research should focus on the
creation of more useful, responsible and ethical mobile
applications that respond to the needs of the educational sector,
promote pedagogical innovation and contribute to strengthening
the quality of the teaching-learning process.

VI. CONCLUSION

This systematic review study explored how Al is applied in
various mobile applications for information recommendation
and search, and addressed methods, techniques, and algorithms
used in this field, as detailed in the research questions above.

Mobile applications integrated with: Al methods, techniques
and algorithms used:

It was observed that these mobile applications employ
machine learning algorithms (collaborative filtering, regression,
and decision trees) and deep learning algorithms (especially
neural networks and their derivatives). It was also observed that
these hybrid approaches, which combine recommendation and
classification techniques, are used. These algorithms are
designed to adapt to the processing limitations of mobile
devices, thus improving the accuracy and personalization of
search and recommendation results.

Most frequent algorithms in the study:

According to research, the algorithms most commonly used
in mobile applications are collaborative filtering, deep neural
networks, and hybrid techniques. These approaches are the most
widely applied due to their effectiveness in improving the
accuracy of results and personalizing the user experience. This
trend highlights the importance of these algorithms in improving
user interaction with mobile search and recommendation
applications.
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Different sectors that cover search or recommendation
algorithms:

A wide variety of algorithms was observed being applied
across different sectors. The healthcare and entertainment
sectors were found to be leading the use of search and
recommendation algorithms. These sectors have adopted
advanced technologies to improve the user experience. It was
found that the implementation of recommendation algorithms is
significantly lower in the education sector, suggesting an
opportunity for improvement and expansion in this field.

Different limitations and challenges in applications for
search and recommendation:

After observing mobile applications, it is clear that each one
has its own recipe for searching and recommending content.
Some rely on well-established techniques, such as collaborative
filtering or classic KNN. Others, however, rely on the latest:
deep neural networks, context-aware models, and even
generative algorithms. The limitations detected include low
accuracy, scarcity of interaction data, high dependence on
context or user participation, and computational limitations on
mobile devices. Recurring themes among the challenges are
identified, such as effective personalization, ethical and secure
integration, user trust, data quality, and adaptability to diverse
and changing contexts. Looking ahead, the development of these
applications should focus on making algorithms more accurate,
models more transparent, and human interaction more fluid, all
without compromising privacy or system performance.
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