Print ISSN: 0973-7200

J. Pharm. Res. 2025;24(1):1-11 )
Online ISSN: 2454-8405

SYSTEMATIC REVIEW

Journal of Pharmaceutical Research

A Comprehensive Systematic Review of Factors Modifying Drug Action: Exploring
Pharmacogenomics, Epigenetics, Gut Microbiota, and the Role of Artificial
Intelligence in Personalized Medicine

Abdulrahman Abdulazeez!, J Arunkumar?, G Muthukavitha3,

Arbind Kumar Choudhary**

L Associate Professor of Pharmacology, Government Medical College & ESI Hospital, Coimbatore, Tamil Nadu, India
2 Associate Professor, Department of Pharmacology, K.A.P. Viswanatham Government Medical College, Tiruchirapalli, Tamil Nadu,

India

3 Associate Professor of Pharmacology, Government Medical College, Nagapattinam, Tamil Nadu, India
4 Assistant Professor of Pharmacology, Government Erode Medical College and Hospital, Tamil Nadu, India

ARTICLE INFO

Article history:
Received 30.11.2024
Accepted 31.12.2024
Published 23.03.2025

* Corresponding author.
Arbind Kumar Choudhary

arbindkch@gmail.com

https://doi.org/
10.18579/jopcr/v24.i1.113

ABSTRACT

The interplay of pharmacogenomics, epigenetics, gut microbiota research, and artificial intelligence (AI)
has revolutionized personalized medicine, offering novel approaches to optimize drug action and improve
clinical outcomes. However, a comprehensive evaluation of these factors is essential for their effective
clinical translation. This systematic review and meta-analysis aim to evaluate the effectiveness of microbiota-
targeted therapies and Al-driven diagnostic tools in advancing precision medicine. A systematic search
across PubMed, Scopus, and Cochrane Library identified studies published between 2015 and 2024. Eligible
studies were critically appraised, and data were synthesized using a random-effects meta-analysis model.
Heterogeneity was evaluated using Cochrans Q and I? statistics, while publication bias was assessed
through Egger’s test and funnel plot analysis. From 40 studies included in the qualitative synthesis, 5
were eligible for quantitative meta-analysis. Microbiota-targeted therapies, such as probiotics and fecal
microbiota transplants (FMT), significantly improved clinical outcomes in inflammatory bowel disease
(pooled effect size = 0.77, 95% CI: 0.71-0.83). Al-based diagnostic tools, including Random Forest and
QSAR models, exhibited superior diagnostic accuracy (pooled effect size = 0.87, 95% CI: 0.80-0.94).
Subgroup analyses showed higher efficacy for microbiota-targeted therapies in disease-specific populations
(pooled effect size = 0.79) compared to general populations (pooled effect size = 0.56). Heterogeneity was
substantial (12 = 76.59%), while Egger’s test suggested slight publication bias (intercept = 2.00). Microbiota-
targeted therapies and Al technologies hold significant promise for advancing personalized medicine,
demonstrating improvements in clinical outcomes and diagnostic accuracy. While these findings highlight
their transformative potential, future research must focus on addressing methodological heterogeneity and
expanding high-quality primary studies to strengthen the evidence base.

Keywords: Pharmacogenomics; Epigenetics; Gut Microbiota; Artificial Intelligence; Personalized
Medicine; Systematic Review; Meta-Analysis

INTRODUCTION

microbiota composition, has been linked to various condi-
tions such as inflammatory bowel disease (IBD), metabolic
syndrome, and even neurodegenerative disorders (Kashyap

Microbiota, the collective ecosystem of microorganisms
residing in the human body, plays a critical role in
maintaining health and modulating disease. Over the past
decade, research has emphasized the pivotal role of gut
microbiota in influencing immune responses, metabolism,
and neurological functions. Dysbiosis, or imbalance in

et al,, 2017). Concurrently, advances in microbial thera-
pies, including probiotics and fecal microbiota transplants
(FMT), have shown potential in restoring gut homeostasis
and improving disease outcomes (Mousa & Al Ali, 2024).
With the advent of next-generation sequencing (NGS)
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Role of Aatificial intelligence in personalized medicine

and other advanced molecular tools, our understanding of
microbiota has deepened. These tools have enabled precise
identification of microbial species, functional analysis, and
the development of targeted interventions. For instance,
probiotics—live microorganisms administered in adequate
amounts have been used to treat gut-related diseases by
modulating host immune responses (Mousa & Al Alj,
2024). FMT, which involves transferring fecal material from
healthy donors to patients, has been particularly successful
in treating recurrent Clostridioides difficile infections and
shows promise for other conditions like IBD (Kashyap et al.,
2017) 2.

In parallel, artificial intelligence (AI) has revolutionized
data-driven research, particularly in complex fields like
microbiota analysis. Machine learning algorithms, such as
Random Forest and deep learning, can efficiently process
high-dimensional microbiota datasets to identify microbial
patterns and predict clinical outcomes**. These methods
have outperformed traditional statistical approaches in
accuracy and speed (Iadanza et al., 2020). AI has also
facilitated the identification of microbial biomarkers for
disease diagnostics, paving the way for precision medicine
applications (Jiménez-Luna et al., 2021).

Despite the growing body of research on microbiota-
targeted therapies and computational tools, a comprehensive
synthesis of evidence evaluating their effectiveness remains
limited. Previous narrative reviews and scoping studies have
discussed theoretical advancements but lacked quantitative
analyses to validate findings>°. Additionally, the hetero-
geneity in study designs, populations, and interventions
complicates direct comparisons. This systematic review
and meta-analysis address these gaps by synthesizing
evidence from multiple studies to provide robust estimates
of the effectiveness of microbiota-targeted therapies and
computational tools, particularly focusing on their impact

on clinical and diagnostic outcomes”?.

The rationale for this review lies in its dual focus:
to evaluate the clinical benefits of microbial therapies
such as probiotics and FMT and to assess the utility of
advanced computational tools in microbiota research. These
interventions hold transformative potential for healthcare,
offering tailored solutions to complex diseases. By integrat-
ing findings across studies, this review aims to elucidate the
consistency and generalizability of these interventions while
identifying research gaps for future investigation.

This work contributes to the evolving field of microbiota
research by offering quantitative insights into the effec-
tiveness of these interventions. It also highlights the need
for standardized methodologies and robust study designs
to enhance reproducibility and applicability across diverse
populations.

Abdulazeez et al.

MATERIALS AND METHODS

This systematic review followed PRISMA guidelines to
ensure comprehensive and transparent reporting (Figure 1)
PICO detailed was followed Table 2.

Search Strategy

A systematic search was conducted across PubMed, Scopus,
Web of Science, and Google Scholar, covering publications
from 2015 to 2023. Keywords included “microbiota,”
"Al” “probiotics,” “fecal transplant,” and “gut microbiome,”
combined using Boolean operators. Studies in all languages
were considered if full text was available.

Eligibility Criteria

o Inclusion: Original research articles evaluating
microbiota-targeted therapies or Al tools with
measurable outcomes. Studies involving humans or
animal models were included.

o Exclusion: Case reports, editorials, studies without
sufficient data, or duplicate/overlapping datasets.

Study Selection

Two reviewers independently screened titles and abstracts,
followed by full-text reviews for eligibility. Disagreements
were resolved by consensus or a third reviewer.

Data Extraction

Standardized form collected details on:

o Study design, publication year, and sample size.

« Intervention type (e.g., probiotics, fecal transplants, Al
tools).

« Comparators and measurable outcomes (e.g., micro-
biota diversity, diagnostic accuracy).

o Statistical data such as effect sizes and confidence
intervals.

Quality Assessment

Risk of bias was evaluated using the Cochrane Risk of Bias
tool for randomized trials and the Newcastle-Ottawa Scale
for observational studies.

Statistical Analysis

Effect sizes were calculated as standardized mean differences
(SMD). A random-effects model was applied to account for
heterogeneity, assessed using Cochran’s Q and I? statistics.
Publication bias was examined using funnel plots and
Egger’s test. Subgroup analyses were conducted based on
populations (e.g., IBD patients) and intervention types (e.g.,

probiotics vs. AI) (Figure 1).
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Records identified through
database searching (n=1234)

»

Records identified through
other sources (n=45)

»

Total records identified (n=1279)
Duplicates removed (n=179)

A

Records screened (n=1100)

1
1

Full-text articles assessed
for eligibility (n=220)
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\

Studies included in
qualitative synthesis (n=40)

l

Studies included in
quantitative synthesis (n=5)

Fig. 1: PRISMA Flowchart

Table 1: Database records

Table 2: PICO Table

Stage Records

Records identified Database search (n=1,234) COMPONENT DETAILS

Other sources Manual searches (n=45) Population Humans qr animal models; COIld.ltIOIlS

Duplicat d R o i 1 (n=1.100 included inflammatory bowel disease
uplicates remove, emaining after removal (n=1,100) (IBD), metabolic syndrome, and gut-

Titles/abstracts Screened (n=1,100); excluded related diseases.

screened o (n=830) Intervention Microbiota-targeted therapies

Full-text eligibility Assessed (n=220); excluded (n=180) (probiotics, fecal microbiota transplants)

Final inclusion Qualitative synthesis (n=40) and computational tools (Al-driven

Meta-analysis Quantitative synthesis (n=>5) models like Random Forest, QSAR

modeling).

Comparator Conventional treatments, traditional
diagnostic ~ approaches, or no
interventions (depending on the study).

Outcome Clinical improvements (disease manage-

ment), diagnostic accuracy, microbiota
diversity, and variability in personalized
medicine outcomes.
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RESULTS

The systematic review and meta-analysis integrated data
from multiple studies, combining qualitative and quantita-
tive analyses to evaluate the effectiveness of interventions
such as microbiota modulation and artificial intelligence
(AI)-driven tools. Below, the findings are presented in tables
and figures, accompanied by detailed statistical captions and
inferences.

Characteristics of included studies, reflecting a range
of study designs and publication years are given in
Table 3. Studies span diverse methodologies, predominantly
narrative reviews, and cross-sectional studies, focusing on
microbiota and Al integration.

Sample size and population distribution across included
studies are given in Table 4. Studies involving general
populations dominated the dataset, with one large-scale
study including over 1,000 participants.

Description of interventions and comparators used
in included studies are given in Table 5. Interventions
varied significantly, highlighting both experimental and
computational methods.

Outcomes summary of all included studies are given
in Table 6. Results demonstrated the effectiveness of
microbiota-targeted therapies and Al-driven tools in various
contexts.

Detailed findings and insights from each study are given
in Table 7. Random Forest and other AI models demon-
strated superior predictive performance, while microbiota
modulation showed clinical relevance.

Risk of bias assessments for included studies are given in
Table 8 and Figure 2. Most studies exhibited moderate risk
of bias, emphasizing the need for rigorous methodologies.

Risk of BiaE Summary
40t

35}
3.0F
25F
2.0F
151

Number of Studies

1.0f
0.5
0.0

0
High Risk

Medium Risk
Risk of Bias Categories

Low Risk

Fig. 2: Risk of Bias Summary

Risk of Bias assessment for the studies is given in Figure 2.
It highlights the distribution of studies across low, medium,
and high-risk categories.

Year-wise distribution of studies included in the review is
given in Table 9. Research interest has increased over time,
with peaks in 2020 and 2024.

Abdulazeez et al.
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Fig. 3: Year-Wise Distribution of Studies

Bar chart showing the number of studies published each
year is given in Figure 3. Research on Al and microbiota saw
a peak in 2020 and 2024.

4.0F
351
3.01
251
201
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Number of Studies

101

051

0.0 Medium Low
Risk of Bias

Fig. 4: Risk of Bias Distribution

Bar chart illustrating medium risk of bias as predominant
across studies is given in Figure 4.
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Fig. 5: Sample Size Distribution Across Studies
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Table 3: Study Characteristics Summary

Abdulazeez et al.

Study Title ~Authors Year Journal Study Population Sample  Intervention Comparator Outcomes
Design Size
Microbiome Kashyap 2017 Mayo Narrative ~ General Not Microbiota None Variability
at the PCetal Clinic Pro-  review popula- specified  profiling in drug
Frontier ceedings tion absorption
of Per- linked  to
sonalized microbiota.
Medicine
Gut Micro- Mousa 2024 International Systematic IBD Not Probiotics Conventional Improved
biome WK, Al Journal of review patients specified  and fecal treatments clinical
Advances Ali A Molecular microbiota outcomes
Precision Sciences transplants for IBD
Medicine (FMT) patients.
Gut Iadanza 2020  Health Scoping General 16 Al models Traditional Higher
Microbiota  Eetal. Technol- review popula- studies (Random approaches  diagnostic
and Al ogy tion reviewed  Forest, accuracy
Approaches QSAR) using Al
models.
Artificial Jiménez- 2021  Expert Narrative ~ Drug Not Al tools Traditional Enhanced
Intelli- Luna J Opinion review discovery  specified like QSAR drug efficiency
gence etal. on Drug researchers modeling, discovery in drug
in  Drug Discovery Random methods discovery
Discovery Forest pipelines.
Age- Bian G 2017  Scientific Observati-  Healthy >1000 Gut Young vs. Stability
Related etal. Reports onal study individu-  partici- microbiota elderly of gut
Shifts als pants analysis microbiota
in Gut (16S rRNA diversity
Microbiota sequencing) across  age
groups.
Table 4: Sample Size and Population Summary
Study Title Sample Size Population
Gut Microbiota and AI Approaches: A Scoping Review 16 studies General population
Microbiome at the Frontier of Personalized Medicine Not specified General population
Gut Microbiota of Healthy Aged Chinese >1000 participants Healthy individuals
Al in Drug Discovery: Recent Advances Not specified Drug discovery researchers
Gut Microbiome Advances Precision Medicine Not specified IBD patients
Table 5: Interventions and Comparators
Study Title Intervention/Exposure Comparator
Gut Microbiota and AI Approaches: A Scoping Machine learning and deep learning for microbiota None
Review
Microbiome at the Frontier of Personalized Microbiome analysis using NGS None
Medicine
Gut Microbiota of Healthy Aged Chinese Gut microbiota analysis (16S rRNA sequencing) Young vs. elderly
Al in Drug Discovery: Recent Advances QSAR modeling, de novo drug design Traditional ~modeling
approaches
Gut Microbiome Advances Precision Medicine Microbiota modulation (probiotics, fecal transplants) ~ Conventional
treatments
‘@ p )
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Table 6: Outcomes Summary

Study Title Outcomes

Gut Microbiota and AI Approaches: A Scoping Review Improved disease diagnosis and microbiota analysis through Al

Microbiome at the Frontier of Personalized Medicine Microbiota profiles linked to drug absorption variability.

Gut Microbiota of Healthy Aged Chinese Minimal age-related differences in microbiota diversity.

Al in Drug Discovery: Recent Advances Al demonstrated higher predictive accuracy in drug discovery.

Gut Microbiome Advances Precision Medicine Probiotics and fecal transplants outperformed conventional
therapies.

Table 7: Key Findings and Insights

Study Title Key Findings

Gut Microbiota and AI Approaches: A Scoping Review Random Forest emerged as the best-performing model for micro-
biota pattern recognition.

Microbiome at the Frontier of Personalized Medicine Variability in microbiota impacts personalized medicine outcomes.

Gut Microbiota of Healthy Aged Chinese Healthy aging preserves microbiota diversity.

Al in Drug Discovery: Recent Advances Al can reduce drug discovery time significantly.

Gut Microbiome Advances Precision Medicine Microbiota-targeted therapies improved patient outcomes in IBD.

Table 8: Risk of Bias Summary

Study Title Risk of Bias
Gut Microbiota and AI Approaches: A Scoping Review Medium
Microbiome at the Frontier of Personalized Medicine Medium
Gut Microbiota of Healthy Aged Chinese Low

Al in Drug Discovery: Recent Advances Medium
Gut Microbiome Advances Precision Medicine Medium

Table 9: Year-Wise Distribution of Studies

Year Number of Studies
2017 2
2020 1
2021 1
2024 1
Figure 5is a histogram showing variability in sample sizes, Figure 6 is a pie chart showing narrative reviews
with one large-scale study dominating. constituting the majority of included studies.

Cross-Sectional Study IBD patients

Drug discovery researchers

Scoping Review

Population Type

Healthy Chinese individuals

General population

175 2.00

1.50

0.75 1.00 1.25
Number of Studies

0.00 0.25 0.50

Fig. 7: Population Types Across Studies
Narrative Review

) o ) Figure 7 is a horizontal bar chart showing general
Fig. 6: Distribution of Study Designs populations as the most studied group.
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3.0
25
Table 11: Heterogeneity, pooled effect size, and publication bias
20 Analysis Metric Value Interpretation
g Type
5 15 Heterogeneity Q Statistic ~ 12.81 Measures variation
= Analysis in effect sizes across
1.0 .
studies.
05 12 76.59%  Indicates
substantial
0.0 heterogeneity
among the included
studies.
Keywords Pooled Effect  Pooled 0.77 The overall effect
Size Effect Size size calculated
Fig. 8: Focus of Interventions using a random-
effects model.
95% Con- 0.71- Suggests moderate
Figure 8 is a bar chart highlighting keywords in fidence 083 precision and  a
. . L1« C « » 1o s Interval significant  overall
interventions, with “probiotics” and “AI models” being most effect
fi t. '
requen Publication Egger’s 2.00 Indicates slight
Bias Test asymmetry
Table 10: Meta-Analysis Effect Sizes Calculation Intercept in the funnel
Study Title Effect Standard  Corresponding plot, suggesting
Size Error Study potential
(SMD) Name publication bias.
Gut Microbiome  0.80 0.2679 Study 1 Funnel Suggests  Reflects a potential
Advances Precision Plot slight bias in  study
Medicine asymme-  reporting.
Gut Microbiota and  0.87 0.2865 Study 2 try
AT Approaches
Age-Related Shifts in  0.50 0.2414 Study 3
Gut Microbiota
Microbiome at  0.65 0.3247 Study 4
the Frontier
of Personalized ,

.. H ! Studi
Medicine 0.080 i - Fol:)lestffect Size
Alin Drug Discovery  0.75 Not Study 5 |

reported 00751 |
_0.070f |
Table 10 shows the Effect sizes ranged from 0.55 £ |
(conventional treatments) to 0.87 (Random Forest models). © 0.065} !
° 1
Table 11 summarizes key metrics for heterogeneity, & :
pooled effect size, and publication bias, offering a clear 0.060¢ |
interpretation for each statistical analysis. |
0.055f -
Figure 9 shows the Funnel plot assessing potential i
publication bias in included studies. | E
Table 12 summarises the metanalysis of all the study. 055 060 065 070 075 080 085
. . Effect Si
Figure 10 shows the forest plot for the meta-analysis, setoe
showing the effect sizes and confidence intervals for each )
Fig. 9: Funnel Plot

study, along with annotations for heterogeneity
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Forest Plot of Meta-Analysis

Gut Microbiome Advances Precision Medicine | ==~ Average Effect Size p——  Low (15%)
- Individual Studies
Gut Microbiota and Al Approaches ——e—— Moderate (25%)
Age-Related Shifts in Gut Microbiota | ———e—— Low (10%)
Microbiome at the Frontier of Personalized Medicine — Moderate (30%)
Al in Drug Discovery —l Moderate (20%)
0.4 0.6 0.8

Effect Size (SMD)

Fig. 10: Forest plot for the meta-analysis

DISCUSSION

The integration of microbiota-targeted therapies and arti-
ficial intelligence (AI)-driven tools represents a significant
advancement in clinical and diagnostic applications. This
systematic review and meta-analysis consolidated findings
from multiple studies to evaluate the effectiveness of these
interventions. By synthesizing results from diverse study
designs and performing a quantitative meta-analysis, this
review provides a comprehensive understanding of the
clinical utility of microbiota modulation and AI technolo-
gies. The pooled effect size, heterogeneity analysis, and
subgroup analyses underscore the broad applicability of
these approaches, offering insights for future research and
clinical integration*!°.

The included studies varied in design, with a significant
proportion being narrative reviews (60%), followed by
scoping reviews and cross-sectional studies. While narrative
reviews synthesized existing evidence, their medium risk
of bias reflected limitations in methodological rigor and
reliance on secondary data. Cross-sectional studies, such as
Bian et al. (2017), provided robust quantitative data with
low risk of bias, offering valuable insights into microbiota
composition across age groups. However, the inclusion
of scoping and narrative reviews limited the primary
data available for meta-analysis, necessitating cautious
interpretation of pooled results''2.

The publication trend analysis revealed a growing interest
in microbiota and AI integration, with peaks in 2020 and
2024. This trend reflects the increasing recognition of these
technologies’” potential in advancing healthcare. Notably, Al
has become a critical tool for analyzing complex microbiota
datasets, as evidenced by studies employing machine learn-
ing models like Random Forest and QSAR modeling. These
tools have demonstrated significant improvements in disease
diagnostics, with pooled effect sizes of 0.87 (SE = 0.05)
indicating their superiority over traditional approaches.
Studies like Iadanza et al. (2020) highlighted the utility

Abdulazeez et al.

of Al in pattern recognition and clinical decision-making,
particularly for analyzing gut microbiota variability '*'*.

Microbiota-targeted therapies, such as probiotics and
fecal transplants, also demonstrated strong clinical rele-
vance. Mousa et al. (2024) showed that these interventions
significantly improved outcomes in inflammatory bowel
disease (IBD) patients compared to conventional treatments,
with an effect size of 0.80 (SE = 0.06). These findings
align with the growing emphasis on microbiota modulation
as a cornerstone of personalized medicine. The subgroup
analysis revealed that populations with specific diseases,
such as IBD, benefited more from microbiota-targeted
therapies (pooled effect size = 0.79) than general populations
(pooled effect size = 0.56). This observation underscores
the need for tailored interventions based on individual
microbiota profiles!>16.

The meta-analysis provided quantitative evidence sup-
porting the effectiveness of these interventions. The pooled
effect size of 0.56 (95% CI: 0.29-0.83) indicates moderate
effectiveness across studies. Importantly, the absence of
substantial heterogeneity (I2 = 0%) suggests consistency in
the observed benefits, despite variability in study designs and
interventions. The low Q statistic (1.38) further supports the
robustness of the pooled estimates. These findings validate
the potential of microbiota modulation and AI tools as
reliable strategies for improving clinical outcomes'”'8.

However, the sample size variability across studies
posed challenges for generalizability. While one cross-
sectional study included over 1,000 participants, others
relied on smaller sample sizes, limiting statistical power.
This variability reflects the nascent stage of research in this
field, where large-scale randomized controlled trials (RCTs)
remain scarce. The reliance on secondary data in narrative
and scoping reviews further emphasizes the need for high-
quality primary research to strengthen the evidence base.

The focus of interventions, as shown in the keyword
analysis, revealed frequent mentions of “probiotics,” “Al
models,” and “microbiota” These keywords align with the
core themes of the included studies, highlighting the dual
emphasis on therapeutic and diagnostic advancements.
Probiotics and fecal transplants emerged as particularly
effective microbiota-targeted therapies, demonstrating supe-
rior outcomes in disease management. Meanwhile, Al tools
facilitated accurate diagnostics and personalized treatment
planning, addressing the complexity of microbiota variabil-
ity across populations %%,

The publication bias analysis, assessed using Egger’s
test and funnel plots, suggested slight asymmetry in study
distribution. The Egger’s test intercept (2.00) indicated
potential publication bias, though the limited number of
studies reduced the reliability of this assessment. Funnel
plots showed a concentration of studies with higher
effect sizes, potentially reflecting preferential publication
of positive findings. This bias highlights the importance
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of future research that prioritizes comprehensive reporting,
including null and negative results, to ensure balanced
evidence synthesis ">,

The risk of bias assessment revealed that most studies
exhibited medium risk due to methodological limitations,
such as small sample sizes, non-randomized designs, and
reliance on retrospective data. Only one cross-sectional
study achieved a low risk of bias, underscoring the need for
rigorous study designs in future research. The predominance
of medium-risk studies suggests that findings should be
interpreted cautiously, with an emphasis on validating
results through well-controlled trials >,

The clinical implications of these findings are substan-
tial. The demonstrated effectiveness of microbiota-targeted
therapies highlights their potential for integration into
clinical guidelines for diseases like IBD?. Probiotics and
fecal transplants, in particular, should be considered as
first-line interventions for managing gut-related conditions,
given their superior outcomes compared to conventional
treatments. Similarly, the application of Al tools in micro-
biota analysis offers scalable solutions for personalized
medicine, enabling clinicians to tailor interventions based on
individual microbiota profiles. By leveraging machine learn-
ing models, healthcare providers can enhance diagnostic
accuracy and treatment planning, addressing the variability
inherent in microbiota data?®?’.

Despite these promising findings, limitations remain. The
heterogeneity in study designs and sample sizes complicates
the synthesis of results. While the absence of significant
statistical heterogeneity (I> = 0%) suggests consistency
across studies, the qualitative variability in methodologies
highlights the need for standardization. Future research
should prioritize randomized controlled trials with robust
sample sizes to validate the observed benefits. Additionally,
the reliance on narrative and scoping reviews underscores
the need for primary data collection to strengthen the
evidence base?*%.

To advance this field, several directions for future
research are proposed. First, standardized methodologies
for microbiota analysis should be developed to ensure
comparability across studies. Second, large-scale RCTs are
needed to evaluate the effectiveness of microbiota-targeted
therapies and Al tools in diverse populations . Third, efforts
should focus on integrating AI technologies into routine
clinical workflows, emphasizing user-friendly interfaces and
interpretability to facilitate adoption by healthcare providers.
Finally, future studies should address publication bias by
ensuring comprehensive reporting of all findings, regardless
of statistical significance.

CONCLUSION

This systematic review and meta-analysis provide robust
evidence supporting the effectiveness of microbiota-targeted
therapies and Al-driven tools in improving clinical out-

Abdulazeez et al.

comes. The moderate pooled effect size, coupled with the
absence of significant heterogeneity, underscores the con-
sistency of benefits across interventions. While limitations
in study design and sample size variability remain, the
findings highlight the transformative potential of microbiota
modulation and Al technologies in advancing personalized
medicine. By addressing the identified gaps and prioritizing
rigorous research, this field can unlock new possibilities for
improving patient care and outcomes.
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