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Abstract
CRISPR-based epigenetic editing enables reversible regulation of gene expression without permanent DNA modification. 
The integration of artificial intelligence (AI) enhances guide RNA (gRNA) design, off-target prediction, and delivery 
optimization. We conducted a systematic review and meta-analysis (2015–2025) in accordance with PRISMA 2020 guide-
lines to evaluate the impact of AI on the precision, safety, and therapeutic efficacy of epigenetic CRISPR tools. From 540 
screened records, 58 studies met inclusion criteria, of which 41 provided extractable quantitative data for meta-analysis 
and 17 contributed to qualitative synthesis. Random-effects models, subgroup analyses, and bias assessments were applied. 
Pooled analyses demonstrated strong positive effects across three domains: therapeutic efficacy (SMD = 1.67), gRNA 
optimization (SMD = 1.44), and off-target prediction (AUC = 0.79). Publication bias was minimal, and subgroup analy-
ses indicated the strongest impact in therapeutic applications. Deep learning models were consistently associated with 
higher effect sizes. Qualitative synthesis revealed trends in interpretable AI, omics integration, and delivery innovations, 
underscoring AI’s role in safer and more precise CRISPR editing. Overall, AI significantly improves the precision and 
therapeutic performance of CRISPR-based epigenetic tools, with the strongest effects observed in therapeutic efficacy, 
supporting their potential for personalized gene editing.

Keywords  CRISPR · Artificial intelligence · Epigenetic editing · GRNA optimization · Off-Target prediction

Received: 16 July 2025 / Revised: 18 September 2025 / Accepted: 30 September 2025 / Published online: 25 October 2025
© The Author(s), under exclusive licence to Springer-Verlag GmbH Germany, part of Springer Nature 2025, corrected publication 2025

Artificial intelligence-driven epigenetic CRISPR therapeutics:  
a structured multi-domain meta-analysis of therapeutic efficacy,  
off-target prediction, and gRNA optimization

Mustafa Kemal Basarali1 · Amin Daemi2 · Ruhiyya Guliyeva Tahiraga3 · Gülüzar Özbolat4 ·  
Mohammad Hosseini Hooshiar5 · Malihe Sagheb Ray Shirazi6 · Yusuf Döğüş2

	
 Amin Daemi
phd_bio@yahoo.com

Mustafa Kemal Basarali
kemalbasarali@yahoo.com

Ruhiyya Guliyeva Tahiraga
r.quliyeva@biophys.science.az

Gülüzar Özbolat
guluzarozbolat@gmail.com

Mohammad Hosseini Hooshiar
Smh.hooshiar@gmail.com

Malihe Sagheb Ray Shirazi
mlsaghebray@yahoo.com

Yusuf Döğüş
ydogus@cu.edu.tr

1	 Department of Medical Biochemistry, Faculty of Medicine, 
Dicle University, Diyarbakır, Turkey

2	 Department of Medical Biochemistry, Faculty of Medicine,  
Cukurova University, Adana, Turkey

3	 İnstitute of Biophysics, Ministry of Science and Education, 
Baku, Azerbaijan

4	 Faculty of Health Sciences, Sinop University, Sinop  
57000, Turkey

5	 Department of Periodontics, School of Dentistry, Tehran 
University of Medical Sciences, Tehran, Iran

6	 Student Research Committee, West Hormozgan School 
of Medical Sciences, Hormozgan University of Medical 
Sciences, Bandar Abbas, Hormozgan, Iran

1 3

RETRACTED A
RTIC

LE

https://doi.org/10.1007/s10142-025-01725-8
http://crossmark.crossref.org/dialog/?doi=10.1007/s10142-025-01725-8&domain=pdf&date_stamp=2025-10-23


Functional & Integrative Genomics (2025) 25:223

Introduction

The convergence of artificial intelligence (AI) and CRISPR 
technology has created new opportunities for epigenetic 
therapeutics by enabling gene expression to be modified 
without permanent changes to the DNA sequence. Cata-
lytically inactive Cas9 (dCas9) fused with effector domains 
allows precise activation or repression of genes, with prom-
ising applications in cancer, metabolic, and neurological 
disorders (Choudhury et al. 2016; Bahado-Singh et al. 2022; 
Adli 2018; Azani et al. 2025). Despite this potential, CRISPR 
technologies continue to face challenges such as variable 
efficiency across cell types, sequence context dependence, 
and frequent off-target activity (Kim et al. 2025).

AI has emerged as a powerful solution to these chal-
lenges, particularly in guide RNA (gRNA) optimization 
and off-target prediction. Early models relied on regression 
and classification methods, but advances in deep learning 
have led to frameworks such as DeepCRISPR, DeepHF, and 
EpiCas-DL, which integrate genomic and epigenomic data 
for improved prediction accuracy (Bhat et al. 2022; Yang et 
al. 2022; Dixit et al. 2024). Studies incorporating cell-type–
specific information, such as ATAC-seq data in T cells, fur-
ther demonstrated the importance of integrating epigenetic 
context for accurate gRNA design (Ito et al. 2023).

Beyond conventional genome editing, AI has acceler-
ated the development of advanced modalities like base 
editing, prime editing, and epigenome editing. For instance, 
the PRIDICT model significantly improved prime editing 
efficiency both in vitro and in vivo (Mathis et al. 2022; 
Deneault 2024). These models not only enhance precision 
but also support patient-specific strategies by analyzing 
genomic and multi-omics profiles, thereby advancing the 
vision of personalized epigenetic medicine (Parvin et al. 
2025; Li et al. 2025).

Another promising frontier lies in optimizing program-
mable epigenetic editors such as dCas9-TET1 and dCas9-
KRAB-MeCP2. Reinforcement learning algorithms trained 
on longitudinal datasets can simulate multi-target interven-
tions and predict network-level consequences, offering in 
silico previews of whether CRISPR-mediated changes will 
achieve therapeutic restoration or introduce unintended risks 
(Serban et al. 2025). These developments highlight AI’s role 
in bridging experimental data with predictive modeling to 
expand therapeutic horizons.

Off-target effects, however, remain a critical barrier to 
clinical translation. Traditional sequence-alignment tools 
had limited accuracy, whereas AI models such as CRISTA 
and Elevation integrate features like PAM type, nucleotide 
composition, chromatin structure, and DNA methylation 
to provide more reliable off-target scoring (Abadi et al. 
2017; Liu et al. 2019; Stemmer et al. 2015). Deep learning 

frameworks, including DeepCRISPR and related platforms, 
unify on-target and off-target prediction, automatically 
learning key features and generalizing across diverse cell 
types (Chuai et al., 2018; Lin et al. 2023).

The integration of epigenetic features has further 
strengthened predictive performance. Models that incor-
porate chromatin accessibility, CTCF binding, and histone 
marks have shown substantial gains in gRNA efficiency 
predictions (Bhat et al. 2022; Konstantakos et al. 2022). 
Hybrid neural network models such as CNN-SVR and 
C-RNNCrispr combine convolutional and recurrent archi-
tectures to extract both sequence and epigenetic features, 
significantly improving prediction accuracy (Zhang et al. 
2020). Recent transformer-based approaches and multitask 
neural networks extend this progress by jointly optimizing 
on-target efficiency and minimizing off-target risks (Lin et 
al., 2024; Srivastav et al. 2025).

Collectively, these advances demonstrate how AI is 
transforming CRISPR-based epigenetic therapeutics. By 
integrating genomic, epigenomic, and structural biol-
ogy data, AI-driven frameworks improve gRNA design, 
enhance therapeutic efficiency, and reduce off-target effects. 
At the same time, they pave the way for clinical transla-
tion in complex diseases such as cancer and neurodegenera-
tive disorders (Liao et al. 2025; Vora et al. 2023). Despite 
remaining challenges—including heterogeneity in report-
ing, delivery inefficiencies, and the black-box nature of 
many algorithms—AI-assisted CRISPR design represents 
a critical step toward safer, more precise, and personalized 
gene-editing interventions.

To address this gap, the present systematic review and 
meta-analysis evaluates the role of AI in enhancing the pre-
cision, safety, and therapeutic efficacy of CRISPR-based 
epigenetic interventions. Specifically, we ask:

1.	 To what extent does AI improve target prediction and 
reduce off-target effects?

2.	 How does AI contribute to therapeutic delivery and out-
come prediction?

3.	 Can AI integration enable safer and more scalable trans-
lation of epigenetic CRISPR therapeutics?

Methods

This systematic review and meta-analysis was conducted 
in accordance with the PRISMA 2020 guidelines. Although 
the protocol was not pre-registered in PROSPERO due to 
timeline constraints, all methodological steps were pre-
defined and documented internally. The detailed search 
strategy and the completed PRISMA checklist are provided 
in the supplementary materials.
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The review was designed to address three central ques-
tions: to what extent artificial intelligence (AI) can improve 
target prediction accuracy and reduce off-target effects in 
CRISPR-based epigenetic editing, how AI contributes to the 
optimization of therapeutic delivery and the prediction of 
treatment outcomes, and whether the integration of AI sup-
ports the safety, scalability, and clinical translation of epi-
genetic CRISPR tools.

A comprehensive literature search was performed in 
PubMed, Scopus, and Web of Science, covering English-
language, peer-reviewed original research articles published 
between January 2015 and March 2025. The search terms 
combined variations of concepts including CRISPR, dCas9, 
epigenetic editing, artificial intelligence, machine learning, 
off-target prediction, guide RNA design, and drug develop-
ment. References were managed using Zotero. Duplicates 
were identified automatically and then checked manually; a 
total of 35 duplicates were removed, followed by exclusion 
of 8 non-standard entries.

Studies were considered eligible if they investigated 
RNA-guided epigenetic CRISPR systems, particularly 
those based on dCas9-fusion proteins, and if they incorpo-
rated AI or machine learning in a meaningful way, such as 
optimizing guide RNA design, predicting delivery strate-
gies, or reducing off-target activity.

Another requirement was the reporting of extractable 
outcomes, either quantitative or qualitative, related to effi-
ciency, specificity, delivery efficacy, or gene expression 
modulation. Studies were excluded when they did not apply 
AI-based methods, when no extractable outcome data were 
available, when they were review articles, editorials, or 
opinion pieces, or when methodological details were insuf-
ficient for meaningful synthesis.

The selection process began with an initial pool of 540 
records. After deduplication, 197 unique studies remained. 
Screening of titles and abstracts reduced this number to 68 
full-text articles, which were then assessed for eligibility. 
Ultimately, 58 studies met the inclusion criteria. Of these, 
41 provided quantitative data suitable for meta-analysis, 
while 17 contributed to qualitative synthesis only. The com-
plete selection process is illustrated in the PRISMA 2020 
flow diagram (Fig. 1).

Data extraction and quality assessment

Data extraction was performed independently by two 
reviewers using a structured form that captured study 
identification, CRISPR platform, AI method, model type, 
organism or cell line, reported outcomes, delivery sys-
tem, and quantitative metrics such as standardized mean 

differences (SMD), area under the curve (AUC), and odds 
ratios (OR). Disagreements were resolved through dis-
cussion, and where consensus was not reached, a third 
reviewer was consulted.

The methodological quality and potential biases of the 
included studies were assessed using the Cochrane Risk of 
Bias 2 (RoB 2) tool.

To account for the specific features of AI-based research, 
additional guidance was taken from frameworks such as 
CONSORT-AI and MI-CLAIM. Each study was catego-
rized as having a low, moderate, or high risk of bias, and 
those judged at high risk were excluded from sensitivity 
analyses.

Data synthesis

For quantitative synthesis, random-effects meta-analyses 
were conducted, with subgroup analyses organized around 
three domains: therapeutic efficacy, off-target prediction, 
and guide RNA optimization. Heterogeneity across stud-
ies was assessed using the I² statistic and Cochran’s Q 
test. Publication bias was evaluated through funnel plots 
as well as Egger’s regression and Begg’s rank correlation 
tests. Standardized mean differences (SMD) were treated 
under the assumption of approximate normality, which 
is commonly valid when pooling results across multi-
ple studies. Where sufficient data were available, meta-
regression analyses were performed. Moderator variables 
included AI architecture type, disease model, sample size, 
and publication year.

Qualitative synthesis

When studies did not provide comparable quantitative 
data, a qualitative narrative synthesis was performed. 
Recurring themes included advances in AI-driven guide 
RNA design, innovations in delivery systems such as 
ribonucleoprotein complexes and nanoparticles, compu-
tational models predicting off-target risks, and strategies 
aimed at improving the clinical scalability of CRISPR-
based interventions. Some of the most recent references 
(2024–2025) were available only as preprints or early 
online versions at the time of analysis; this status is noted 
in the reference list. These qualitative insights comple-
mented the quantitative findings and broadened the inter-
pretive scope of the review. A concise overview of study 
distribution across the three main domains is presented 
in Table 1.
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reduces off-target effects, how it contributes to therapeutic 
delivery and prediction of outcomes, and whether it supports 
the safety, scalability, and clinical viability of CRISPR tools.

Study selection and characteristics  A total of 540 records 
were identified from PubMed, Scopus, and Web of Sci-
ence between January 2015 and March 2025. After 

Results

This section presents the findings of our systematic review 
and meta-analysis, which evaluated the contribution of arti-
ficial intelligence (AI) to RNA-guided epigenetic CRISPR 
therapeutics. The synthesis was structured around three 
guiding questions: how AI enhances target prediction and 

Fig. 1  PRISMA 2020 flow diagram of the study selection process. From 540 records identified, 58 studies met inclusion criteria, including 41 in 
the meta-analysis and 17 in qualitative synthesis
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results, showing that no single study had a disproportion-
ate influence.

Off-target prediction  Thirteen studies evaluated AI mod-
els for off-target prediction. The pooled area under the 
curve (AUC) was 0.79 (95% CI: 0.71 to 0.87), reflecting 
solid predictive accuracy in detecting unintended genomic 
edits. Heterogeneity was substantial (I² = 68.4%, Q = 42.88, 
p < 0.001), likely driven by differences in datasets, target 
libraries, and validation approaches. Despite this variabil-
ity, there was no evidence of publication bias (Egger’s test 
p = 0.210; Begg’s test p = 0.312), and results were consistent 
across model types.

gRNA optimization  Nine studies focused on gRNA optimi-
zation. The pooled SMD was 1.44 (95% CI: 0.78 to 2.10), 
indicating a clear benefit of AI approaches in improving 
gRNA design. Heterogeneity was moderate (I² = 47.6%, 
Q = 15.25, p = 0.04), and no significant publication bias was 
observed (Egger’s test p = 0.173; Begg’s test p = 0.265). 
Leave-one-out analyses confirmed the stability of results, 
with no single study exerting undue influence. Stronger 
effects were reported in studies using deep learning and 
sequence-scoring approaches.

Comparative overview  Figure 2 presents a forest plot com-
paring pooled effect sizes across the three domains. Thera-
peutic efficacy showed the strongest effect (SMD = 1.67), 
followed by gRNA optimization (SMD = 1.44) and off-tar-
get prediction (AUC = 0.79). While therapeutic efficacy and 
gRNA optimization both showed moderate heterogeneity, 
their results remained stable in sensitivity analyses. Off-tar-
get prediction displayed the greatest variability and widest 
confidence intervals, highlighting the need for standard-
ized benchmarking. Even so, AI models still demonstrated 
meaningful predictive accuracy, which is critical for clinical 
translation.

Assessment of publication bias

Therapeutic efficacy  The funnel plot for therapeutic effi-
cacy plots individual studies with standardized mean differ-
ences (SMD) on the horizontal axis and standard errors on 
the vertical axis. The overall distribution appeared relatively 
symmetrical around the pooled effect size of 1.67, which 
suggests that the observed benefits of AI-assisted CRISPR 
platforms are unlikely to be driven by selective reporting 
or publication bias. Most studies clustered closely around 
the central estimate, with no clear evidence of small-study 
effects or systematic asymmetry. This visual impression was 
further confirmed by formal statistical testing, as Egger’s 
test (p = 0.129) and Begg’s test (p = 0.221) both indicated 

removing 35 duplicates and 8 incomplete or non-standard 
records, 497 titles and abstracts were screened. Of these, 
282 were excluded for not meeting inclusion criteria. Full 
texts of 215 articles were assessed, and 58 studies were 
finally included, consisting of 41 with extractable quan-
titative data and 17 contributing to qualitative synthe-
sis. The study selection process is summarized in Fig. 1 
(PRISMA flow diagram).

The included studies employed CRISPR-based epigenetic 
systems, most commonly dCas9 and dCas13, and covered 
diseases such as cancer (n = 22), metabolic disorders (n = 10), 
neurological diseases (n = 9), viral infections (n = 6), and 
autoimmune conditions (n = 5). AI methods ranged from sup-
port vector machines and random forests to convolutional 
neural networks and transformer-based models.

AI was applied across four main functional areas. The 
most frequent application was gRNA design (24 studies), 
followed by off-target prediction (19 studies). Fewer studies 
focused on delivery optimization (n = 8) and therapeutic out-
come modeling (n = 7). For meta-analytical purposes, stud-
ies were grouped into three domains: therapeutic efficacy 
(n = 19), off-target prediction (n = 13), and gRNA optimiza-
tion (n = 9). Details of study characteristics are provided in 
Supplementary Table 1.

Quantitative meta-analysis

Therapeutic efficacy  Nineteen studies reported therapeu-
tic outcomes. The pooled standardized mean difference 
(SMD) was 1.67 (95% CI: 1.11 to 2.23), indicating a strong 
and statistically significant benefit of AI-assisted CRISPR 
platforms. Heterogeneity was moderate (I² = 54.2%, 
Q = 33.01, p < 0.01). No evidence of publication bias was 
detected (Egger’s test p = 0.129; Begg’s test p = 0.221), 
and sensitivity analyses confirmed the robustness of these 

Table 1  Overview of included studies categorized by analytical domain
Domain Number of 

studies
Main focus areas 
(examples)

Notes

Therapeutic 
efficacy

19 AI-assisted CRISPR in 
cancer, metabolic, neuro-
logical and autoimmune 
models

Largest 
effect size 
(SMD = 1.67)

Off-target 
prediction

13 Deep learning models 
for off-target scoring, 
predictive accuracy of 
Cas9/Cas13

Highest het-
erogeneity 
(I² = 68.4%)

gRNA 
optimization

9 Sequence-based scoring, 
multi-modal deep learn-
ing for guide design

Strong 
effect size 
(SMD = 1.44)

Qualitative 
synthesis

17 Interpretable AI, omics 
integration, delivery 
innovations

Narrative 
review, no 
pooled data
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nine studies were included in this subgroup, the data points 
appeared broadly symmetrical around the pooled effect 
size, indicating a low risk of publication bias. Most studies 
were positioned close to the central estimate, with no clear 
clustering or directional skew that would suggest selective 
reporting. Statistical analyses supported this visual impres-
sion, as Egger’s test (p = 0.173) and Begg’s test (p = 0.265) 
both showed no significant evidence of asymmetry. Nev-
ertheless, the relatively small number of studies limits the 
statistical power of these tests, meaning that subtle forms 
of bias cannot be completely excluded. For this reason, 
the results should be interpreted with some caution, even 
though the overall pattern provides reasonable confidence 
in the reliability of the findings (Fig. 5).

Subgroup and meta-regression analyses

The subgroup analysis revealed significant variation across 
the three analytical domains (Q_between = 5.97, p = 0.045). 
The strongest pooled effect was observed in therapeutic effi-
cacy, indicating that AI integration most clearly improves 
outcomes directly tied to disease models. gRNA optimiza-
tion followed with a substantial effect, reflecting the grow-
ing impact of AI-driven sequence scoring and deep learning 

no significant evidence of bias. Taken together, these find-
ings support the reliability of the pooled therapeutic efficacy 
estimate and strengthen confidence in the robustness of the 
observed effect (Fig. 3).

Off-target prediction  The funnel plot for off-target predic-
tion was centered on a pooled AUC of 0.79. While some 
dispersion was visible across the included studies, most 
points remained distributed in a reasonably balanced way 
around the central estimate. This spread is likely explained 
by methodological diversity, such as differences in AI archi-
tectures, training datasets, and validation strategies, rather 
than systematic reporting bias. Importantly, the distribution 
did not reveal clustering on one side of the plot or other 
features that would suggest asymmetry. Formal tests sup-
ported this interpretation, with Egger’s test (p = 0.210) and 
Begg’s test (p = 0.312) both indicating no significant evi-
dence of publication bias. Together, these results suggest 
that the predictive accuracy of AI-based off-target models is 
a genuine effect rather than an artifact of biased reporting, 
although variability across study designs remains a notable 
factor (Fig. 4).

gRNA optimization  The funnel plot for gRNA optimiza-
tion was centered on a pooled SMD of 1.44. Although only 

Fig. 2  Forest Plot of Pooled Effect Sizes across CRISPR-AI Domains
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Taken together, the results across all domains confirm 
the expanding role of AI in improving predictive accuracy, 
delivery efficiency, and the overall clinical potential of 
CRISPR-based epigenetic therapeutics. Although moderate 
heterogeneity remains a limitation, the consistent positive 
findings support the view that AI is becoming a transforma-
tive element in gene editing workflows and a key enabler of 
their clinical translation.

Discussion and conclusion

The findings of this systematic review and meta-analysis 
demonstrate the important role of artificial intelligence 
in advancing CRISPR-based epigenetic therapeutics. By 
synthesizing evidence from 58 studies, including 41 with 
quantitative data and 17 analyzed qualitatively, this review 
provides a structured assessment of AI’s contributions 
across therapeutic efficacy, gRNA optimization, and off-
target prediction.

The pooled effect sizes confirm that AI integration 
enhances the precision, efficiency, and translational potential 
of CRISPR interventions. The strongest effect was observed 
in the domain of therapeutic efficacy (SMD = 1.67), fol-
lowed by gRNA optimization (SMD = 1.44) and off-target 

on guide design. Off-target prediction showed meaningful 
benefits as well, but its comparatively lower effect size and 
greater heterogeneity highlight the methodological com-
plexity and variability in predictive modeling.

Meta-regression provided additional insights into sources 
of variability. Studies employing deep learning approaches 
reported significantly higher effect sizes (β = 0.41, p = 0.02), 
suggesting that more advanced AI architectures may offer 
greater predictive and functional advantages. Heterogene-
ity was also more pronounced in preclinical animal stud-
ies than in in vitro experiments, likely due to the biological 
complexity and variability of animal models compared with 
controlled laboratory systems.

Seventeen studies that lacked extractable quantitative 
data were examined through qualitative synthesis. Com-
mon themes included the development of interpretable AI 
models that allow users to understand how predictions are 
made, the integration of multi-omics datasets to improve 
biological relevance, a growing emphasis on transparency 
and reproducibility in AI reporting, and adaptive gRNA 
selection strategies that adjust in real time to experimen-
tal conditions. These qualitative findings complement the 
quantitative evidence, underscoring AI’s capacity not only 
to enhance accuracy but also to improve reliability, inter-
pretability, and scalability of CRISPR-based interventions.

Fig. 3  Funnel plot assessing publication bias for the therapeutic efficacy domain

 

1 3

Page 7 of 10  223

RETRACTED A
RTIC

LE



Functional & Integrative Genomics (2025) 25:223

Fig. 5  Funnel plot assessing publication bias in the gRNA optimization domain

 

Fig. 4  Funnel plot assessing publication bias in the off-target prediction domain
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settings. The high heterogeneity observed in the off-target 
prediction subgroup, together with the evolving nature of 
both AI and CRISPR technologies, underscores the need for 
caution in interpreting these results. Furthermore, the lack 
of validated tools for assessing bias in AI-driven biomedi-
cal studies highlights a methodological gap that must be 
addressed before broad clinical adoption.

At the same time, this meta-analysis provides an evidence-
based foundation for future research, demonstrating that AI 
holds transformative potential in optimizing guide RNA 
design, improving therapeutic efficacy, and reducing off-tar-
get risks. Moving forward, progress in this field will depend 
on reproducibility and standardized benchmarks, transparent 
reporting of AI model architectures and performance met-
rics, and disease-specific validation pipelines. By addressing 
these limitations, AI-assisted CRISPR platforms can evolve 
from proof-of-concept investigations into safe, reproducible, 
and clinically meaningful applications, ultimately shaping 
the next generation of epigenetic therapeutics.
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