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A B S T R A C T

Vaginal drug delivery in women's health remains underutilized and insufficiently studied, largely due to the 
complexity and dynamic nature of the vaginal microenvironment. Variations in vaginal pH, hormonal levels, and 
microbiota composition introduce significant biological variability, complicating formulation design and 
contributing to inconsistent therapeutic outcomes and poor patient adherence. Conventional vaginal formula
tions often fail to account for these individual differences, highlighting the need for more adaptive and predictive 
approaches. Emerging advances in artificial intelligence (AI) and machine learning (ML) offer promising stra
tegies to address these challenges by enabling multi-parameter, data-driven formulation development that 
explicitly considers biological variability. Despite their transformative potential, the application of AI and ML in 
vaginal drug delivery remains limited. This review addresses this gap by examining the emerging role of AI/ML 
in the design, optimization, and development of next-generation vaginal formulations, including mucoadhesive, 
mucus-penetrating, bio-responsive, and controlled-release systems. Key factors influencing formulation perfor
mance, such as vaginal microbiota composition, are discussed, and ethical, regulatory, and technical challenges 
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relevant to integrating AI/ML into vaginal drug delivery are also considered. Although research is in its early 
stages, existing studies indicate that AI and ML integration can enhance predictability, efficiency, and repro
ducibility in vaginal formulation development. Finally, we highlight the potential of developing personalized 
medicines through the integration of AI/ML and digital health monitoring devices to create patient-centered 
vaginal drug delivery systems, thereby advancing therapeutic outcomes and transforming women's health.

1. Introduction

Reproductive health lies at the heart of women's well-being, shaping 
both health outcomes and quality of life [1]. Women account for nearly 
half of the global population, and equitable access to high-quality sexual 
and reproductive healthcare is recognized as a global priority [2]. 
However, the biological and contextual diversity that characterizes 
women's health is not adequately reflected in currently marketed drug 
delivery technologies, which largely remain standardized and poorly 
suited to inter-individual variability. Intravaginal drug delivery has 
gained increasing attention as a platform for both local and systemic 
treatment of women's health conditions [3], offering several pharma
cological advantages, including high tissue vascularization and avoid
ance of hepatic first-pass metabolism, which support enhanced local 
bioavailability and reduced systemic dose-related side effects. However, 
drug delivery within this highly specialized biological microenviron
ment is also associated with significant practical and formulation- 
related challenges, such as risk of local irritation and disturbance of 
the vaginal microenvironment, poor retention, leakage, and messiness, 
which lead to low patient adherence, making conventional formulations 
such as hydrogels and creams perform sub-optimally [4]. The vaginal 
environment undergoes continuous remodeling across the female life
span from the neonatal period through reproductive and menopausal 
stages [5,6], driven by fluctuations in estrogen levels, glycogen avail
ability, epithelial thickness, and microbial colonization patterns [5,7,8]. 
This remodeling contributes to marked inter-individual and temporal 
variability in vaginal pH, microbiota, enzymatic activity, mucus 
composition, hormonal status, and cervicovaginal (CV) fluid volume. 
Here, CV fluid refers to the total fluid present within the vaginal lumen, 
including CV mucus (CVM), other vaginal secretions, and serum tran
sudate. In contrast, CVM specifically denotes the mucus component 
secreted by the endocervix. The physiological dynamics found in the CV 
compartment directly influence drug solubility, diffusion, stability, ab
sorption, and tissue retention, thereby limiting the development of 
fixed-dose, one-size-fits-all vaginal formulations that satisfy the neces
sary duration of action and patient comfort, safety, or adherence 
[4,9,10].

These challenges highlight the need for more adaptive and respon
sive vaginal formulation development strategies. Advanced formula
tions, such as nanocarriers, lipid-based formulations, bioadhesive 
systems, and controlled-release devices, such as intravaginal rings (IVR), 
are being developed to enhance mucoadhesion, mucus-penetration, 
fine-tune drug release profiles, and facilitate epithelial penetration 
[4,7,11]. Though the preclinical results are promising, developing such 
novel but complex vaginal formulations typically relies on trial-and- 
error methods that are time- and resource-intensive, involve numerous 
experiments with limited predictive insights, and result in higher costs 
and longer development timelines [12–14]. In this regard, Artificial 
Intelligence (AI) and Machine Learning (ML) could offer powerful tools 
to reduce reliance on traditional empirical approaches in formulation 
development and accelerate the development timeline [15,16].

Several recent reviews have examined the application of AI and ML 
in pharmaceutical product development for different indications 
[17–21]; however, their specific role in vaginal product development 
has not been comprehensively explored. This review addresses this gap 
by exploring how the transformative potential of AI and ML in the 
design, development, and optimization of next-generation vaginal drug 
delivery systems has been utilized thus far. Data-driven decision-making 

and precise formulation design that can efficiently account for inter- 
individual variability using AI/ML technologies could significantly 
improve therapeutic effectiveness across various clinical indications 
within the highly specialized vaginal microenvironment, including 
sexually transmitted infections, pregnancy-related complications, and 
menopausal conditions. Additionally, integrating AI and ML with 
advanced vaginal delivery systems may accelerate the development of 
complex multipurpose prevention and treatment strategies for women's 
health conditions.

2. Complexity and variability in the vaginal microenvironment 
affecting formulation development and drug delivery

The performance of vaginal drug delivery systems is governed by a 
complex interplay of physiological, microbiological, and formulation- 
related factors that influence drug absorption, retention, and thera
peutic efficacy. A clear understanding of these determinants is essential 
for the rational design and optimization of vaginal formulations. While 
these factors have been discussed in the literature [6,22], a focused 
summary of the key variables influencing formulation performance is 
presented here. The complex, dynamic nature of the vaginal microen
vironment is continuously influenced by hormonal fluctuations, alter
ations in the microbiota, sexual activity, and hygiene practices that 
influence pH, fluid volume, epithelial structure, mucus, and enzymatic 
activity, factors that can substantially affect local drug delivery and 
product performance [6,23–27].

Vaginal microbiota is a key determinant of vaginal health and 
directly influences drug release, absorption, and therapeutic efficacy. 
Vaginal eubiosis is defined by dominance of Lactobacillus species (e.g., 
L. crispatus, L. gasseri, L. iners, and L. jensenii), which maintain an acidic 
environment and support epithelial and immune homeostasis 
[22,28,29]. In contrast, dysbiosis, characterized by increased microbial 
diversity and loss of Lactobacillus dominance, is associated with 
enhanced enzymatic activity and pathogenic biofilm formation, thereby 
limiting drug penetration and reducing therapeutic outcomes [30–32]. 
According to Gustin et al., women harboring highly diverse vaginal 
microbiota prior to treatment had a reduced response to standard 
metronidazole therapy for bacterial vaginosis (BV) [32].

BV significantly impairs the barrier properties of CVM [33,34]. BV- 
associated degradation of the mucus barrier reduces viscosity and 
structural integrity, making it less effective at retaining vaginal formu
lations. As a result, drugs may diffuse more rapidly but are also cleared 
more quickly due to reduced mucoadhesion and increased fluidity 
[35,36]. Evidence shows that CVM associated with BV permits greater 
viral and nanoparticle mobility, largely due to reduced adhesive in
teractions within the mucus network [33]. This mucus dysfunction, 
resulting from the loss of lactobacilli, overgrowth of pathogenic bacte
ria, and associated inflammation, has significant implications for 
vaginal drug delivery [34]. Additionally, the altered pH and elevated 
enzymatic activity can compromise drug stability and modulate release 
profiles, particularly for formulations engineered to be bio-responsive to 
the higher pH of semen during intercourse. Consequently, formulations 
optimized for a healthy, low-pH, Lactobacillus-dominant normal vaginal 
environment may perform unpredictably in the setting of BV [37–40]. 
For example, clinical data from a 90-day tenofovir (TFV) vaginal ring 
showed that vaginal microbiota composition influenced drug release 
and mucosal pharmacokinetics [38]. A secondary analysis of TFV gel 
clinical efficacy has shown that TFV displays lower efficacy in 
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preventing HIV-1 acquisition in the presence of vaginal inflammatory 
conditions and prevalence of anaerobic microbiota [40]. A pH-sensitive 
release of TFV from a vaginal ring may be used as a smart property to 
increase drug release when needed in the presence of anaerobic bacteria 
and BV, which are typically associated with higher vaginal pH.

In healthy reproductive-age women, vaginal pH is typically acidic 
(pH 3.5–4.5) due to lactic acid production by Lactobacillus spp. [6]. 
These bacteria metabolize glycogen-derived substrates from desqua
mated vaginal epithelial cells, a process enhanced by estrogen-mediated 
increases in intracellular glycogen [41,42]. In addition to microbial 
metabolism, luminal pH is also regulated by host mechanisms, including 
estrogen-dependent activity of V-type H+-ATPases in vaginal epithelial 
cells [43]. This acidic environment provides protection against patho
gens but can also influence drug stability, ionization, and dissolution 
[44–46]. For example, TFV and its prodrugs show pH-dependent sta
bility and undergo degradation under strongly acidic hydrolytic condi
tions. At the typical vaginal pH, however, TFV remains stable [45]. It is 
worth noting that the vaginal pH is dynamic and influenced by both 
physiological and behavioral factors. Hormonal fluctuations across the 
menstrual cycle play a central role, as estrogen regulates epithelial 
maturation, glycogen availability, and vaginal secretions, thereby 
modulating lactic acid production [42,43]. During the proliferative and 
peri-ovulatory phases, elevated estrogen levels promote glycogen 
accumulation and increased lactic acid production, resulting in a more 
acidic environment. In contrast, the secretory phase is associated with 
reduced glycogen content and epithelial thickness, leading to decreased 
lactic acid production and a corresponding increase in pH [42,43].

Transient elevations in vaginal pH also occur under specific condi
tions. During menstruation, menstrual blood (pH ~7.2–7.4) temporarily 
neutralizes the acidic milieu, increasing pH toward near-neutral values 
before it returns to baseline following menses. This shift is accompanied 
by alterations in the vaginal microbiota, including reduced Lactobacillus 
dominance and a relative increase in non-Lactobacillus spp., with re
covery observed post-menses. Similarly, unprotected intercourse ele
vates vaginal pH (pH 7–8) due to the alkaline nature of semen [47]. 
Additional factors, such as coital frequency, the volume and distribution 
of CV secretions, vaginal transudate, and spatial variation along the 
vaginal canal, further contribute to pH variability [41]. These fluctua
tions are closely linked to shifts in microbial composition, particularly 
the balance between Lactobacillus and non-Lactobacillus spp., which 
collectively regulate vaginal acidity. In pregnancy, the vaginal micro
biota is generally more stable and predominantly Lactobacillus-domi
nated compared to the non-pregnant state, where greater temporal 
variability is observed. This increased Lactobacillus dominance is asso
ciated with lower microbial diversity and likely contributes to the 
maintenance of an acidic vaginal environment [48,49]. Such pH varia
tions can alter drug ionization and bioavailability, underscoring the 
importance of considering vaginal pH during formulation design. Szy
mańska et al. demonstrated the effect of changes in vaginal pH on 
polymer behavior, drug release kinetics, and tissue permeation by 
showing that vaginal pH contributes to variability in tenofovir dis
oproxil fumarate (TDF) bioavailability from chitosan (CS) and poly 
(ethylene oxide) (PEO)-based nanofibrous delivery systems [44].

CV fluid volume changes with the phases of the menstrual cycle, 
reproductive life stages, and pathologies. An average follicular and 
luteal phase volume, at a given time, typically ranges from 0.5 to 1.5 mL, 
with a transient increase near ovulation (up to 3–5 mL) [50,51]. Daily 
CV fluid production is estimated to be 1–3 mL on average in women of 
reproductive age, with significant increases possible during infections 
(e.g., trichomonas) and decreases during post-menopause [52–54]. This 
fluid serves as the medium for drug dissolution and transport [55–57]. 
Limited fluid volumes may restrict drug solubility, whereas increased 
volumes can accelerate drug clearance, thereby reducing the residence 
time [6]. The vaginal epithelium, local enzymatic activity, and mucus 
turnover further influence drug delivery [11]. Vaginal epithelial struc
ture and integrity can regulate drug permeation, while local enzymatic 

activity may degrade susceptible compounds, particularly peptide- and 
protein-based therapeutics [22,41]. Together, these factors (summa
rized in Fig. 1 and Table 1) vary substantially across individuals, which 
creates significant challenges in the design and development of robust 
vaginal formulations and delivery devices .

Conventional delivery systems are often not designed to accommo
date the substantial variability of the vaginal environment. As a result, 
formulations such as liquid and hydrogel-based systems are rapidly 
cleared, leading to leakage, reduced residence time, and inconsistent 
performance across users [65]. While innovative strategies such as 
mucoadhesive and mucus-penetrating systems can improve perfor
mance [66–68], this biological variability highlights the limitations of 
trial-and-error methods in formulation development. In parallel, drug 
physicochemical properties, including molecular weight, lipophilicity, 
ionization state, particle size, and solubility, play a central role in 
determining vaginal drug disposition and bioavailability [4]. In this 
context, AI- and ML-based approaches emerge as powerful tools for 
integrating physiological, drug-related, and formulation variables that 
govern vaginal drug delivery, thereby enhancing therapeutic efficacy.

3. Role of artificial intelligence and machine learning in 
formulation development

AI is broadly defined as the ability of computational systems to learn 
from data and adapt to new information in ways that resemble human 
intelligence. Advances in big data availability, algorithm development, 
and computing power have driven rapid progress in AI, enabling its 
successful application across a wide range of scientific domains, 
including drug delivery [69]. ML, a key subset of AI, uses data-driven 
algorithms to learn patterns and relationships from experimental or 
clinical data without explicit programming and is particularly well- 
suited for modeling complex, high-dimensional, and nonlinear re
lationships [13]. Deep learning, a subset of ML, employs multi-layer 
neural networks to capture subtle nonlinear interactions and automat
ically extract higher-level features from complex datasets [70,71]. At a 
basic level, ML tasks fall into two categories: regression, which predicts 
continuous outcomes, and classification, which assigns samples to pre
defined categories [72]. Common ML paradigms include supervised 
learning, which predicts outputs from labeled data; unsupervised 
learning, which identifies patterns in unlabeled data; and reinforcement 
learning, which iteratively optimizes decisions, for example, in adaptive 
dosing strategies [16,73,74]. While a wide range of algorithms exists, 
from decision trees and support vector machines to neural networks, the 
key consideration is matching the method to the dataset, problem type, 
and desired interpretability [75–79].

In pharmaceutical research, ML has enabled a deeper understanding 
of how subtle variations in formulation variables influence product 
performance, while also facilitating key tasks such as drug-release pre
diction, encapsulation efficiency estimation, and formulation optimi
zation in advanced delivery systems [13,80–83]. Supervised learning 
models, a subset of ML, such as random forest and gradient-boosting 
algorithms, have been successfully applied to predict drug release pro
files and kinetic parameters directly from formulation composition, 
highlighting their ability to capture complex dissolution behavior that is 
difficult to describe using traditional mechanistic models [72,84].

ML approaches have shown promise in enhancing the design and 
performance of controlled-release systems. For example, neural net
works and genetic programming have been applied to model macro
molecule release from poly(lactic-co-glycolic acid) (PLGA) 
microspheres, while ensemble ML models have accurately predicted 
small-molecule drug release and simultaneously identified critical 
formulation drivers [85,86]. In parallel, natural language processing 
(NLP) has emerged as a valuable tool to support formulation develop
ment by extracting relevant insights from unstructured data sources, 
such as scientific literature and clinical records [87–89]. Shetty et al., for 
instance, employed a domain-specific NLP model to extract polymer- 
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related information from thousands of published abstracts, demon
strating how unstructured literature can be transformed into structured 
datasets for data-driven materials and formulation research [89]. 
Beyond data extraction, AI-driven experimental workflows are increas
ingly being used to guide formulation design and optimization. Cao et al. 
reported an integrated formulation platform combining ML and robotic 
experimentation, guided by Bayesian decision-making, to optimize a 
complex commercial liquid formulation in the absence of established 
physical models [90]. The commercial formulation used by Cao et al. 
consisted of three different surfactants (Texapon SB3, Dehyton AB30, 
and Plantacare 818), a polymer (Dehyquart CC7), and a thickener 
(Arlyon TT). Targeting specific properties, including stability and 
turbidity, viscosity, and low ingredient cost in iterations of a formulated 
liquid product without physical models, semi-automated, ML-driven 
robotic experiments identified formulations that met customer-defined 
performance criteria within 15 working days. This approach out
performed the best solutions from a previous dataset created by expert 
formulation scientists using factorial design to accelerate development 
and achieve target formulation performance.

These studies demonstrate that AI- and ML-based frameworks enable 
multivariate analysis of complex, nonlinear interactions between 
formulation composition and drug-release kinetics, which are often 
difficult to capture with conventional statistical methods [84,91]. 
Several recent review articles have also comprehensively discussed the 
application and impact of AI and ML in formulation development, 
highlighting their potential to enhance formulation design, optimiza
tion, and performance prediction [15,19,73,75,92]. As a result, AI/ML- 
based data-driven methodologies can accelerate development timelines, 
reduce costs, and improve the robustness and reproducibility of 

pharmaceutical formulations, including the rational design of advanced 
vaginal delivery systems [12,93].

3.1. Integration of AI and ML tools in vaginal formulation design and 
development

Empirical mathematical models and molecular dynamics simulations 
have advanced our understanding of the behavior of vaginal drug de
livery systems [94]. However, empirical models are typically applied 
after experimental data have been generated and therefore provide 
limited predictive ability, while molecular dynamics simulations are 
computationally intensive and cannot yet replace in vitro testing. These 
constraints have driven growing interest in ML-based approaches, which 
can integrate information across multiple variables and offer more 
efficient, adaptable predictive tools for formulation development [92]. 
Such data-driven methods enable the prediction of key product perfor
mance parameters, even under complex and variable use conditions. For 
instance, an artificial neural network (ANN)-based optimization 
framework was used to relate ethylene–vinyl acetate (EVA) polymer 
membrane composition and thickness to drug (estradiol) permeation 
behavior, with constrained optimization applied to identify formulation 
parameters capable of achieving predefined target doses [95]. Such 
approaches could be used to develop polymer-based vaginal devices for 
hormones or small-molecule drug delivery.

Currently, Design of Experiments (DoE) remains a valuable meth
odology for systematic experimental investigation; however, it is 
inherently constrained by prespecified parameter ranges and limited 
scalability [96,97]. In contrast, ML models can assimilate heterogeneous 
data sources and capture complex, multifactorial relationships between 

Fig. 1. Cervicovaginal (CV) microenvironment-related factors affecting formulation development and drug delivery.
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formulation attributes and vaginal physiology. For example, Pałkowski 
et al. applied a dominance-based rough set approach, a rule-based AI 
technique, to analyze the relationships between formulation composi
tion, processing parameters, and post-application vaginal pH in tablets 
and pessaries [98]. They assessed how excipients (methylcellulose, 
glycerol, lactic acid, chitosan, Eudragit E-100) influenced vaginal acidic 
pH to optimize formulations that rapidly disintegrate or deform while 
maintaining physiological pH. Sustained release of lactic acid was ach
ieved using its complexes with chitosan or E-100 in different ratios. 
Formulations were characterized for post-swelling viscosity, with 
vaginal pH following administration as the primary outcome measure. 
The decision rules generated by the study identified lactic acid content 
and lactic acid-to-polymer ratios as the primary determinants in main
taining physiological pH after administration of the dosage form, while 
indicating that formulation type (pessary versus tablet) had minimal 
influence on quality classification. More advanced ML architectures 
have also been applied to model drug transport behavior in vaginal 
delivery systems. An ML cascade model was previously developed to 
relate drug diffusivity from a mucoadhesive delivery system to formu
lation and local physiological conditions [99]. When evaluated in 
simulated vaginal fluid (SVF), this hybrid model demonstrated superior 
predictive accuracy compared with conventional regression-based ap
proaches, further illustrating the advantages of ML in capturing complex 
interactions between formulation variables and physiological 
conditions.

Below, we highlight representative studies demonstrating the 
application of AI and ML in the development of vaginal drug delivery 
systems, including mucoadhesive, mucus-penetrating, bio-responsive, 
controlled-release, and immediate-release formulations. Schematics 
illustrating both conventional and innovative vaginal delivery platforms 
are presented in Fig. 2. A summary of studies applying AI and ML 
methodologies to vaginal formulation development is provided in 
Table 2. In addition, the use of AI- and ML-based approaches in other 
routes of administration with relevance to vaginal formulation design 
and development is discussed.

3.2. Mucoadhesive and mucus-penetrating vaginal delivery systems

Mucoadhesive formulations are designed to prolong residence time 
at the site of action, enabling drug delivery over extended periods [106]. 
By adhering to the vaginal mucosa, mucoadhesive systems resist natural 
clearance mechanisms and maintain contact with the epithelium, which 
improves local drug absorption [106,107]. Many factors, including 
polymer chemistry, drug physicochemical properties, formulation 
rheology, vaginal pH, fluid volume, and mucus turnover, affect the in
teractions between the formulation and the CV mucus layer [6,36,107]. 
While studies on AI/ML applied exclusively to vaginal mucoadhesive 
formulation design are still emerging, some relevant examples illustrate 
the potential of these technologies.

Ndesendo et al. combined ANN with molecular modeling to optimize 
bioadhesion and erosion behavior in intravaginal polymeric devices 
[101]. They formulated caplet-shaped devices containing zidovudine 
and polystyrene sulfonate, and an ANN-driven analysis enabled the 
rational selection of the polymer to maximize bioadhesion while main
taining matrix integrity under simulated vaginal conditions. This study 
demonstrated the integration of molecular mechanic simulations with 
ANN to optimize polymer composition, advancing rational design stra
tegies for improved formulation performance. New deep generative 
models, such as Variationally Encoded Conditional Tabular Generative 
Adversarial Network (VECT-GAN), have been developed to support the 
discovery of polymers with desirable mucoadhesive properties, 
demonstrating proof-of-concept for data-driven polymer design [108]. 
By improving model performance across multiple datasets and enabling 
the design and experimental validation of novel mucoadhesive poly
mers, this work highlights the potential of synthetic data generation to 
accelerate and enhance pharmaceutical research. An earlier work 

Table 1 
A summary of key vaginal microenvironmental, physiological, and socio- 
behavioral factors that may influence product performance and serve as inputs 
for AI/ML-enabled drug delivery design.

Variability factor Primary drivers Implications for 
vaginal drug 
delivery

Ref

Vaginal pH

Microbiome 
composition (e.g., 
Lactobacillus spp.), 
hormonal activity, 
menstrual cycle, age

Alters drug 
ionization and 
solubility, modifies 
absorption profiles, 
and may lead to drug 
precipitation or 
unfavorable changes 
in formulation 
matrices

[11,58,59]

Vaginal 
microbiota

Pathological 
conditions (e.g., 
vaginitis, BV), 
hormonal changes, 
age, ethnicity, 
hygiene practices, 
sexual activity

Influences local drug 
metabolism and 
inflammatory state, 
potentially altering 
drug release 
behavior and overall 
therapeutic efficacy 
of the product

[6,28,60,61]

Cervicovaginal 
fluid

Hormonal state, 
microbiome 
composition, 
immune mediators, 
sexual arousal, 
epithelial turnover, 
age

Affects drug 
bioavailability and 
residence time, as 
reduced 
mucoadhesion may 
limit prolonged 
vaginal retention of 
dosage forms; 
variability in fluid 
volume and 
composition can 
influence drug 
solubility and 
absorption, where 
increased fluid levels 
may enhance 
dissolution but also 
accelerate 
formulation 
clearance

[59,62]

Vaginal 
enzymatic 
activity

Hormonal variation

Enzymatic activity, 
including proteolytic 
processes, may 
degrade susceptible 
drugs (e.g., 
peptides), affecting 
drug stability and 
delivery profiles

[6,22,59]

Hormonal activity

Menstrual cycle 
phase, pregnancy 
status, hormonal 
contraception, age

Modulates epithelial 
permeability, mucus 
properties, 
microbiome 
composition, and 
fluid secretion, 
contributing to 
variability in drug 
absorption and 
performance

[11,23,25]

Epithelial and 
Immune cell 
structure and 
function

Hormonal regulation 
(e.g., estradiol, 
progesterone) and 
environmental 
factors (e.g., pH, 
oxygen levels)

Changes in epithelial 
barrier integrity and 
immune signaling 
may alter drug 
transport and flux 
across the vaginal 
epithelium

[24,25,60]

Socio-behavioral 
factors

Sexual activity, 
hygiene practices, 
and cultural norms

May reduce drug 
levels, formulation 
retention, and 
bioavailability by 
perturbing vaginal 
pH and microbiome 
stability

[62–64]
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described the development of mucoadhesive gels and freeze-dried tab
lets for the HIV microbicide dapivirine [93]. Here, an ANN model was 
used to investigate the effects of polymer ratio, mucoadhesion, and 
delivery system (gel or tablet) on drug release, mucoadhesive force, and 
formulation viscosity. As predicted and confirmed by experimental data, 
freeze-dried systems with a lower HPMC:PVP ratio and a higher car
bopol concentration showed optimal results [93]. Another study applied 
an ANN model integrated with response surface methodology to opti
mize a vaginal hydrogel formulation combining TFV and cyanovirin-N 
[104]. Researchers employed a Box-Behnken design to systematically 
evaluate how varying concentrations of excipients (PEG, sodium car
boxylmethylcellulose, and calcium chloride) influenced drug release, 
permeation flux, and mucoadhesion. ANN models enabled efficient 
exploration of the formulation space, improved optimization through 
increased accuracy, and fewer experimental runs [104]. These studies 
demonstrated how ML-augmented design can support the optimization 
of complex vaginal formulations.

Research on mucoadhesive systems from other routes of adminis
tration uses ML optimization frameworks that can also be adapted to 
vaginal formulations. In predictive modeling, AI models trained on in 
vitro datasets can anticipate the performance of new formulations by 
simulating mucoadhesive behavior under varying physiological condi
tions, thereby guiding formulation development. Similarly, these tools 
can assist in testing vaginal formulations, which traditionally require 
multiple in vitro assays, such as rheology, mucoadhesion, and drug 
release [109,110]. For instance, ML models have been used to optimize 
the properties of oral chitosan-coated mucoadhesive nanostructured 
lipid carriers (NLCs) loaded with fluconazole [111], highlighting their 
potential to inform the design of vaginal mucoadhesive systems. In this 
study, a Box-Behnken design, ANN, and variable-weight desirability 
were employed to optimize the effects of drug, surfactant, and solid lipid 
concentrations on size and drug entrapment efficiency. The resulting 
optimized NLCs exhibited a particle size of 335 ± 13.5 nm and an 
entrapment efficiency of 73.1 ± 4.9%, closely matching predicted 
values of 330 nm and 75%, respectively. The low prediction errors (1.5% 
for particle size and 2.6% for entrapment efficiency) supported the 
model's reliability and predictive capability. This demonstrated the use 
of AL/ML models trained on in vitro data to inform mucoadhesive per
formance characteristics of an oral formulation, and a similar frame
work could be implemented in vaginal mucoadhesive formulation 
development.

Vaginal mucus-penetrating systems are important because they 
facilitate efficient and uniform transport of therapeutic agents through 
the mucus barrier to the underlying epithelium, ensuring effective de
livery to the target cells [66,112,113]. Traditional mucoadhesive sys
tems, such as hydrogels, often become trapped in the outer mucus layer 
and are rapidly cleared by natural mucus turnover, limiting drug dis
tribution and residence time. In contrast, mucus-penetrating particles 
are engineered to avoid adhesive interactions with mucin and are small 
enough to diffuse deeply into the mucus, leading to more uniform 
epithelial coverage and prolonged retention. This enhanced penetration 
and retention of vaginal nanoparticles have been shown to provide 
greater protection against viral challenges than conventional formula
tions [66]. Since vaginal mucus is a viscoelastic, heterogeneous gel that 
acts as a protective barrier to effective drug delivery, AI and ML can 
specifically help parse this complex interplay by analyzing large, 
multidimensional datasets on mucus rheology, nanoparticle size, surface 
chemistry, and diffusion behavior, enabling predictive models of mucus 
diffusivity.

While studies on AI/ML applied exclusively to vaginal mucus- 
penetrating formulations are still emerging, and no published work 
has yet appeared, research from other routes of administration using ML 
optimization frameworks shows that this approach can be adapted to 
vaginal formulations. For example, ML models have been used to clas
sify polyethylene glycolylated nanoparticle diffusion modes and predict 
mobility patterns by combining particle-tracking data with mathemat
ical diffusion models, thereby providing insights into which design 
factors most strongly influence transport across human airway mucus 
barriers [114]. The authors identified diffusion mode and mucus 
microstructure (e.g., solids concentration and pore size) as key factors 
governing nanoparticle mobility and penetration. Since airway and 
CVM share fundamental similarities as viscoelastic gels with comparable 
mucin polymer networks and compositions, findings from airway mucus 
studies can offer valuable insights for understanding nanoparticle 
diffusion in CVM, despite differences in mucin types and local physio
logical conditions [115,116]. Another notable example applies super
vised ML to distinguish patterns of diffusion of nano- and micro-particles 
within complex colonic mucus models by incorporating micro
rheological features extracted from particle trajectories [117]. The au
thors showed that ML-driven diffusional fingerprinting characterizes 
particle motion across sizes and charges and identifies key factors such 
as particle size, surface charge, mucus viscoelasticity, and microscale 

Fig. 2. Schematics for conventional and novel vaginal drug delivery formulations.
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Table 2 
Applications of AI/ML technologies in vaginal drug delivery systems.

Vaginal drug delivery 
system

Input data and AI models used Optimized outputs ML performance and key findings Translational relevance

Segmented combination- 
type (anastrazole / 
levonogestrel) vaginal 
ring for endometriosis 
[12]

XGBoost: Core material, membrane 
material, membrane thickness, cross- 
sectional diameter, drug 
concentration, and drug segment 
length

Daily drug release profiles 
and optimized segmented 
ring designs

Good agreement was observed 
between predicted and experimental 
day 4 release values, with high 
accuracy for LNG and acceptable 
performance for ATZ, while 
formulation parameters were 
predicted with errors within 
acceptable limits.

Model developed from in vitro 
data; no reported IVIVC or in vivo 
validation

Dapivirine polymeric 
vaginal film for HIV 
prevention [100]

ANN (single hidden layer, 7 neurons, 
feed-forward) combined with an 
evolutionary algorithm: HME process 
parameters (barrel temperature, screw 
speed, feed rate) and experimental 
film performance data

Film dissolution at 30 min, 
puncture strength, and drug 
content; optimized HME 
processing conditions

The model demonstrated strong 
predictive performance, with 
training and validation RMSE values 
of 0.043 and 0.098, respectively. 
Validation R2 values ranged from 
0.822 to 0.997 across the outputs, 
and blind test evaluation further 
confirmed the model's robustness, 
with R2 = 0.987 and r = 0.999. 
Prediction errors ranged from 5.32% 
to 15.46%, with the highest 
deviation observed for drug content.

Model developed from in vitro 
data; no reported IVIVC or in vivo 
validation

Freeze-dried 
mucoadhesive vaginal 
tablets and gels for HIV 
prevention [93]

ANN; (multilayer perceptron, feed 
forward backpropagation) 
Formulation variables: Polymer 
composition (HPMC:PVP ratio), 
formulation type (gel vs freeze-dried 
tablet)

Dapivirine cumulative 
release at 24 h, 
mucoadhesive force (Fmax), 
zero-rate viscosity; 
optimized formulation 
composition

ANN accurately modeled 
formulation-performance 
relationships, with no significant 
difference between predicted and 
experimental values (p > 0.05). 
Statistical significance was used for 
reporting, and no regression-based 
error metrics were reported. Optimal 
formulations achieved balanced 
release, adhesion, and viscosity.

In vitro modeling performed under 
sink conditions using release 
testing and rheological 
characterization; no in vivo 
validation or IVIVC analysis was 
conducted

Intravaginal bioadhesive 
polymeric device (IBPD) 
for HIV prevention 
[101]

ANN, Multi-Layered 
Perceptron (MLP) feedback Neural 
Network, Polymer type and 
composition, matrix erosion 
experimental data

Optimized polymer 
composite for molecular 
bioadhesivity and controlled 
matrix erosion

The ANN demonstrated high 
predictive performance for matrix 
erosion behavior, showing strong 
agreement between predicted and 
experimental outputs (R2 = 0.99; 
MSE = 0.001). The model effectively 
identified the key polymer 
components that influence matrix 
erosion. Hydrophobic polymers (EC, 
PLGA) were associated with reduced 
erosion, whereas hydrophilic 
polymers (PVA, PAA) increased 
erosion rates.

Study based on in vitro matrix 
erosion modeling and 
computational optimization; no in 
vivo validation or IVIVC 
assessment

Trigger-sensitive 
hyaluronic acid/palm 
oil-based organogel for 
HIV prevention [102]

ANN-multilayer full feed-forward and 
multilayer normal feed-forward 
networks: Hyaluronic acid (HA) 
concentration, Volume of surfactant 
and Reaction time.

Mucin adsorption (%) and 
drug flux (μg/cm2/min1ᐟ2); 
optimized trigger- 
responsive release 
performance

The model showed good 
performance, with R2 values of 0.81 
for mucin adsorption and 0.97 for 
flux, and adjusted R2 values of 0.78 
and 0.96, respectively. Prediction 
errors were within acceptable limits 
(RMSE: 6.39 and 0.12; AAD: 7.56 
and 1.18; MAD: 11.75 and 0.56), 
with better predictive accuracy for 
flux than for mucin adsorption.

Model developed from in vitro 
data; no reported IVIVC or in vivo 
validation

Layered vaginal 
suppositories containing 
metronidazole and 
Lactobacillus spp. for BV 
[103]

ANN integrated with central 
composite design, Ovucire/PEG ratio 
and surfactant concentration

Optimized drug release, 
Lactobacillus spp. viability

The ANN models showed excellent 
predictive performance, with R2 

values of 0.9995 for drug release and 
0.9999 for Lactobacilli viability, and 
similarly high adjusted R2 values 
(0.9995 and 0.9999, respectively). 
Error metrics were very low (RMSE: 
0.2161 and 0.0225; MAE: 0.0985 
and 0.0052; AAD: 0.1140 and 
0.0169), indicating highly accurate 
predictions, with slightly better 
performance for Lactobacilli 
viability.

Study based on in vitro modeling 
and validation; no in vivo or IVIVC 
data

Multipurpose preventive 
vaginal hydrogel 
containing tenofovir 
and cyanovirin-N for 
HIV prevention [104]

ANN integrated with Box–Behnken 
design: The concentrations of CaCl2, 
NaCMC, and PEG2000

Optimized hydrogel 
composition balancing drug 
release, mucoadhesion and 
flux

The ANN model demonstrated 
strong predictive performance across 
all responses. The R2 values were 
0.9495 for mucoadhesion, 0.9801 
for flux, and 0.9981 for drug release, 
indicating strong agreement 
between predicted and experimental 

Study based on in vitro modeling 
and validation; no in vivo or IVIVC 
data

(continued on next page)
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heterogeneity that most influence mobility, capturing variations beyond 
bulk rheology [117]. These observations could help in the rational 
design of future vaginal mucus-penetrating delivery systems.

Collectively, the above examples illustrate how AI- and ML-based 
strategies can be applied to the development of vaginal mucoadhesive 
and mucus-penetrating formulations, enabling virtual screening and 
systematic optimization of formulation parameters prior to in vitro and 
in vivo evaluation. Several earlier studies [66,118–122] explored the 
development of vaginal mucoadhesive or mucus-penetrating formula
tions, with or without pH-responsive drug release, but did not utilize AI/ 
ML despite generating useful in vitro and in vivo data that could be 
integrated into ML models to accelerate future formulation designs. As 
the field continues to evolve, more targeted AI/ML applications focused 
explicitly on vaginal mucoadhesion and mucus penetration are antici
pated, particularly for advanced nanocarrier and microcarrier systems 
designed to enhance drug delivery efficiency.

3.3. Bio-responsive vaginal formulations

Bio-responsive systems are designed to respond dynamically to local 
physiological or pathological changes, such as variations in pH, en
zymes, or microbial activity within the vaginal environment [7]. By 
responding to disease-specific signals, bio-responsive formulations hold 
promises for on-demand therapy, minimizing off-target exposure, 
enhancing efficacy, and supporting personalized approaches to vaginal 
health management.

Enzyme-responsive formulations are engineered to release the drug 
when they encounter enzymes (e.g., hyaluronidases, acid phosphatases) 
that are specifically present in the vaginal environment during infection 
or sexual activity [123,124]. AI and ML can accelerate the optimization 
of these formulations by learning from multidimensional formulations 
and biological datasets to predict how variations in polymer chemistry, 
enzyme kinetics, and local physiology affect drug release profiles and 
responsiveness [72]. In this regard, supervised learning models (e.g., 
random forests, Gaussian process regression, gradient boosting ma
chines, neural networks) are well suited to handling nonlinear and high- 
dimensional data, making them ideal for modeling enzyme-material 
interactions and predicting enzyme-triggered drug release behavior 
[72,125,126]. AI/ML tools can also analyze outputs from enzyme assays 
and SVF dissolution tests to identify patterns and predict in vivo 
behavior under physiological conditions. For example, predictive 
models can be calibrated using enzyme concentration gradients to 
forecast how different formulations respond across individual variations 
in vaginal enzyme expression [127]. Moreover, methods such as 
explainable AI (XAI) can help elucidate which features (e.g., polymer 
hydrophobicity, enzyme affinity) most strongly influence product 

performance, thereby providing further scientific insights [128,129].
Vaginal pH-responsive formulations respond intelligently to the 

unique vaginal pH, which typically ranges from about 3.8 to 4.5 but can 
vary significantly during infection, sexual activity, or physiological 
changes, making pH-responsive drug release particularly valuable for 
targeted local therapies [9,130]. pH-responsive polymers can undergo 
phase changes or structural transformations in response to pH shifts, 
enabling controlled, on-demand drug release [131]. However, designing 
such systems has historically relied on empirical screening of multiple 
variables, and AI/ML can enrich this process by learning complex re
lationships among formulation and biological variables, enabling more 
predictive and efficient product development [132].

Based on our search to date, no studies have reported the direct 
integration of AI or ML methodologies into the design and optimization 
of enzyme- or pH-responsive vaginal drug delivery formulations, but 
beyond vaginal systems, AI/ML is increasingly applied to model drug 
release profiles from stimuli-responsive platforms (e.g., polymeric 
nanoparticles) to capture complex release kinetics [133]. Several studies 
have developed enzyme-responsive or pH-responsive vaginal formula
tions [118,123,124,134–136], and although these studies did not apply 
AI/ML to formulation development, they highlighted the data (bio- 
responsive drug release) that could be integrated into ML models to 
accelerate future vaginal formulation designs. Recent studies from other 
indications are also laying a foundation for bio-responsive vaginal 
formulation design and development. For example, researchers used ML 
models to predict pH-dependent oxaliplatin release from nanomicelles 
in acidic breast cancer environments, achieving high accuracy and 
mechanistic insight into pH-triggered release kinetics [137]. Another 
study used ML algorithms, including principal component analysis, 
Gaussian process regression, and ANN, to analyze the influence of 
environmental pH, drug properties, and particle characteristics on drug 
release from PLGA nanoparticles, guiding the design of in vitro experi
ments [133]. The ML predictions were used to guide in vitro experi
ments, and the observed release profiles closely matched the algorithmic 
predictions.

3.4. Immediate and controlled drug-release vaginal systems

Immediate-release vaginal formulations, such as gels, films, or in
serts, enable rapid drug action at the site of administration. By rapidly 
releasing the drug, these formulations help achieve high local concen
trations while minimizing systemic exposure and associated side effects 
[138,139]. Vaginal controlled-release systems, such as IVR, intrauterine 
devices, and long-acting films, aim to maintain therapeutic drug levels at 
the site of action over extended periods [7,140,141]. Controlled-release 
profiles help reduce dosing frequency, minimize fluctuations in drug 

Table 2 (continued )

Vaginal drug delivery 
system 

Input data and AI models used Optimized outputs ML performance and key findings Translational relevance

data. Error metrics were generally 
low, confirming acceptable 
prediction accuracy, although flux 
and drug release showed higher 
absolute error values due to scale 
effects.

Mucoadhesive barrier- 
based female-controlled 
drug delivery system 
(FcDDS) [105]

Cascade computer model integrating 
statistical regression, KNN, and back- 
propagation ANN in a sequential 
ensemble framework, Intrinsic 
(vaginal fluid pH, secretion rate, 
rotation, and vibration speed of 
physical movement), formulation 
(loading weight, dose), and extrinsic 
variables (insertion position)

Drug diffusivity 
identification of dominant 
variables influencing 
diffusivity

The cascade model demonstrated 
superior predictive performance (R2 

= 0.993), with reduced prediction 
error and faster training than 
individual models (regression, KNN, 
ANN), indicating improved accuracy 
and efficiency in predicting drug 
diffusivity.

Primarily based on in vitro 
simulations and computational 
modeling; no direct in vivo 
validation
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concentration, and improve patient compliance. Furthermore, vaginally 
administered formulations are typically amenable to self- 
administration, providing ease of use, greater user control, and sup
porting patient autonomy [142,143]. Self-administration has been 
associated with improved adherence, as patients can manage their 
treatment discreetly and on their own schedule. Clinical studies have 
consistently reported high adherence and user acceptability, likely 
reflecting the convenience and reduced burden across a range of vaginal 
formulations, including rings [144,145], fibers [146], tablets [147,148], 
and films [149]. However, achieving precise, predictable drug release 
profiles is inherently complex, as it depends on numerous interrelated 
factors. ML models can be trained on datasets that include formulation 
parameters and in vitro release profiles to identify which features most 
strongly influence drug release kinetics. For example, a recent study 
reported the development of an ML-based intelligent formulation design 
tool for segmented combination vaginal rings [12]. They successfully 
fabricated and tested a segmented combination IVR containing anas
trozole (ATZ) and levonorgestrel (LNG) using an XGBoost model to 
optimize polymer and drug load combinations and validate their release 
characteristics. This work confirms the feasibility of AI in designing 
complex vaginal delivery systems to guide formulation composition and 
processing decisions early in development. Another study used an ANN 
combined with an evolutionary algorithm to model how hot-melt 
extrusion (HME) process parameters affect the performance of a 
dapivirine-loaded vaginal film formulation [100]. The authors assessed 
dissolution, puncture strength, and drug content of the film formulation. 
This quantitative framework can aid in formulation development and 
optimization and was used to understand the relationship between HME 
parameters and vaginal film performance, specifically correlating the 
dissolution profile with drug release.

Although the application of AI- and ML-based approaches in 
controlled- or immediate-release vaginal drug delivery systems remains 
limited, insights from studies on other routes of administration can 
inform the design and development of vaginal formulations. For 
example, foundational work in AI-assisted formulation design tools and 
predictive modeling in oral fast-dissolving solid dosage forms illustrates 
how these methods could be adapted to the specific application of AI/ML 
to immediate-release systems [150–153]. For instance, research on 
neural networks for predicting oral tablet disintegration time and me
chanical properties demonstrated that AI can accelerate and optimize 
formulation decisions [153]. The authors compiled a comprehensive 
dataset of 1983 formulations, including excipient types and quantities, 
drugs, and various physicochemical properties, to predict two essential 
control test parameters: tablet disintegration time and hardness. A 12- 
layer deep neural network achieved 73% accuracy for disintegration 
time and 99% accuracy for tablet hardness. Similar ML models could be 
trained using vaginal dissolution datasets to forecast drug release 
performance.

AI and ML approaches also have the potential to transform the cor
relation between in vitro release data and in vivo behavior. Novel al
gorithms have been applied to predict drug release profiles and kinetic 
parameters, demonstrating that ML can capture complex release 
behavior with reasonable accuracy [84]. In this study, 377 formulations 
were prepared in-house, and their release profiles were analyzed for up 
to 8 h. Six ML techniques were employed to predict drug release profiles, 
and the results indicated that ML can reliably forecast drug release 
during dynamic dissolution studies while also providing insights into 
kinetic parameters. Jiménez et al. utilized simulations to analyze drug 
diffusion kinetics in controlled-release systems [154]. By modeling pa
rameters such as polymer swelling and erosion, they identified optimal 
conditions for elucidating the dynamics of drug release. These studies 
highlight the versatility of AI/ML tools for modeling both immediate- 
and sustained-release phenomena in vaginal formulation development.

Vaginal nanofibers also represent a promising delivery system that 
can be engineered to provide mucoadhesive, bio-responsive, or 
controlled/immediate drug release profiles [155]. Recent studies have 

applied supervised ML models to predict time-dependent drug release 
from acetalated dextran electrospun nanofibers, identifying critical 
material features that govern drug release kinetics [80]. The developed 
Gaussian process regression model was validated and optimized using 
release profiles from thirty nanofibers. This work presents a drug- 
agnostic ML model that can streamline early-stage formulation devel
opment and improve the characterization of drug release over time. 
However, formulation and process variables during electrospinning, 
such as polymer composition, solution properties, and processing pa
rameters, must be carefully controlled to achieve the desired mechanical 
strength, porosity, and fiber diameter [156]. Another study developed 
an ML framework to model the electrospinning process and predict key 
characteristics of poly(vinyl alcohol) nanofibers [157]. By linking pro
cess conditions (voltage, the tip-to-collector distance, and polymer 
concentration) to fiber outcomes (aligned nanofiber production and 
nanofiber diameter), the approach helped optimize manufacturing pa
rameters, enhancing control over fiber alignment and properties for 
advanced material applications. Such predictions and control are 
particularly advantageous for designing vaginal nanofibers, where uni
formity, mechanical integrity, and consistent drug release are critical. 
Efforts are also underway to integrate ML algorithms into electro
spinning machines to automate the manufacturing process, enabling 
precise control over fiber properties while ensuring reproducibility and 
scalability [158]. Such ML-driven strategies can enhance process un
derstanding, improve reproducibility, and optimize fiber properties, 
providing a roadmap that could be readily adapted for the development 
of vaginal nanofibers.

3.5. Integrating AI/ML into vaginal formulation design

In summary, integrating AI and ML has the potential to transform 
vaginal formulation development into a more predictive, efficient, and 
reproducible process, thereby accelerating translation from laboratory 
design to clinically effective drug-delivery systems. AI-driven tools have 
also transformed biomaterials design and screening, enabling dynamic 
interactions among materials, drugs, and biological systems that could 
be applied to vaginal formulations [159]. Fig. 3 presents schematics of 
vaginal drug delivery development and optimization integrated with AI/ 
ML platforms. Despite growing interest in using AI and ML to develop 
vaginal drug delivery systems, progress remains limited due to several 
challenges such as restricted access to high-quality datasets and limited 
mechanistic understanding of complex models in predicting formulation 
attributes. These challenges are briefly discussed below.

4. Challenges in incorporating AI and ML in the development of 
vaginal drug delivery systems

The application of AI and ML to the development of vaginal drug 
delivery systems is primarily constrained by the limited availability and 
heterogeneity of high-quality, standardized experimental data 
[160,161]. Preclinical datasets are often limited, inconsistent, and 
generated using methodologies that are not validated for scale-up 
product development [41,162]. This disconnect between lab-scale and 
commercial developments hampers data integration, reduces model 
robustness, and limits the generalizability of ML-based predictions. 
These limitations are further exacerbated by the intrinsic complexity 
and physiological variability of the vaginal environment, which in
troduces significant variability that is difficult to capture in current 
models.

In addition to biological variability, formulation-specific challenges 
further complicate AI/ML integration. Controlled-release vaginal sys
tems, for instance, must balance drug-release kinetics with sufficient 
mucosal adhesion while preserving mechanical integrity and user 
acceptability. These requirements are governed by complex, often 
nonlinear interactions among formulation excipients (e.g., polymers, 
lipids, surfactants), active pharmaceutical ingredients, and the dynamic 
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vaginal environment. Accurately capturing and optimizing such multi
scale physicochemical and biological interactions within AI/ML frame
works remains challenging, given limited mechanistic understanding, a 
lack of standardized formulation datasets, and the difficulty of estab
lishing reliable correlations across in vitro, ex vivo, and in vivo model 
systems. These models include in vitro Franz diffusion and CV epithelial 
cell-based models to assess drug permeation, release, and biocompati
bility; ex vivo porcine or bovine vaginal tissues to assess permeation and 
mucoadhesion; and in vivo animal models (e.g., rats, rabbits, sheep) for 
safety, PK, and efficacy [162–164]. ML models trained predominantly 
on in vitro data may poorly predict in vivo performance and not 
extrapolate reliably across diverse patient populations. This challenge 
arises from the difficulty of translating in vitro results to in vivo per
formance. For example, while human epithelial cell-based models 
enable evaluation of formulation behavior, drug release, and biocom
patibility [162,165–169], they fail to fully capture systemic bioavail
ability or dynamic physiological processes such as tissue permeability 
influenced by blood perfusion [170,171]. Ex vivo models, such as 
excised human or animal CV mucosal tissue explants, better preserve 
native tissue structure and mucus barriers, making them beneficial for 
studying permeability and mucoadhesion [162,171–173]. However, 
differences in anatomy, mucus composition, hormonal status, and 
microbiota, as well as limited duration in culture, constrain extrapola
tion to humans. Similarly, in vivo models in rodents or larger animals 
provide insight into drug distribution and clearance, but interspecies 
differences in CV fluid, pH, microbiota, and hormonal cycles must be 
carefully considered when translating findings to humans 
[162,163,170].

From a technical perspective, issues related to model interpretability, 
reproducibility, and validation pose additional barriers to the effective 
implementation of AI/ML in vaginal formulation development [161]. 
Many advanced ML algorithms function as “black-box” models, offering 
limited insight into the relationships between formulation variables, 
material attributes, and biological responses [125,174]. Additionally, 
vaginal drug delivery research remains relatively underexplored, 
frequently yielding small, fragmented datasets that restrict robust model 

training and compromise predictive performance. The lack of rigorous 
external validation using in vivo or clinical data further undermines 
confidence in the model's reliability, particularly when applied across 
different formulation platforms. Although AI/ML methodologies have 
been successfully deployed for drug delivery systems administered via 
other routes, their translation to vaginal delivery remains comparatively 
underdeveloped, despite clear opportunities to adapt existing ap
proaches. In this context, concerns regarding mechanistic relevance and 
safety are especially critical, given the importance of mucosal compat
ibility and local tolerability for vaginal products. Integrating AI-driven 
insights into vaginal formulation workflows also requires interdisci
plinary expertise and organizational infrastructure that are not widely 
available.

Beyond formulation design, scaling up the manufacturing of AI/ML- 
assisted, complex vaginal formulations introduce additional challenges, 
particularly in maintaining batch-to-batch consistency and controlling 
critical quality attributes (CQAs). In this regard, AI-enabled process 
analytical technologies (PAT), which leverage real-time sensor data such 
as spectroscopy and rheological measurements, offer promising solu
tions for continuous monitoring and control of key process parameters 
[18,175,176]. When combined with ML models, PAT systems can be 
used to predict process outcomes and recommend corrective actions, 
thereby enhancing manufacturing robustness and product consistency 
[177,178].

Ethical and regulatory considerations also represent barriers to 
broader adoption, since regulatory agencies currently lack clearly 
defined frameworks for the evaluation, validation, and approval of AI- 
assisted tools in pharmaceutical development, creating uncertainty 
regarding their qualification for vaginal product development 
[179,180]. Regulatory authorities require transparent evidence of 
safety, efficacy, and reproducibility; however, many ML models are 
proprietary, complicating risk assessment and regulatory review. 
Importantly, biases in training datasets, often arising from the under
representation of specific age groups, ethnicities, or physiological con
ditions, may lead to inequitable model predictions that affect material 
selection, dosing strategies, and therapeutic outcomes. Addressing these 

Fig. 3. Schematics for vaginal drug delivery development integrated with AI and ML platforms.
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risks requires systematic bias assessment and continuous model vali
dation across diverse populations, establishing standardized validation 
frameworks, and implementing robust documentation practices to align 
AI/ML technologies with regulatory expectations and ensure patient 
safety [181]. Achieving these goals requires coordinated, multidisci
plinary collaboration across formulation science, clinical research, 
ethics, and regulatory affairs to fully realize the potential of AI-driven 
vaginal drug delivery development [161,182].

5. Future directions

Integrating principles of personalized medicine into vaginal drug 
delivery, with AI and ML as key enabling technologies, represents a 
critical research and clinical priority for advancing therapeutics for 
women's health. Personalized medicine seeks to tailor interventions to 
individual biological and clinical characteristics, accounting for patient- 
specific variability [183–186]. This need is particularly pronounced in 
vaginal drug delivery, where the highly dynamic vaginal microenvi
ronment, including fluctuations in pH, microbiota composition, and 
fluid volume, can substantially influence drug release, distribution, and 
product performance [6,23]. For example, formulations optimized for a 
low-pH, Lactobacillus-dominant environment may perform unpredict
ably in the presence of dysbiosis or elevated pH, potentially compro
mising dosing consistency, user comfort, and adherence.

AI-assisted formulation development, combined with 
microenvironment-responsive materials and user-centered design, holds 
significant promise for the rational development of intravaginal prod
ucts that accommodate interindividual variability. Such approaches 
enable formulations to better accommodate differences and align with 
each woman's distinct physiological, pathological, and behavioral pro
file. More broadly, AI and ML are reshaping women's health research 
through high-throughput data integration, advanced predictive 
modeling, and the generation of individualized insights, supported by 
emerging concepts such as digital twins and interconnected digital 
health ecosystems [64]. Digital health technologies further strengthen 
AI-enabled personalization by generating real-world, longitudinal 
datasets relevant to vaginal drug delivery. Platforms designed for 
menstrual cycle tracking, fertility monitoring, pregnancy, and meno
pause management offer increasingly precise assessments of reproduc
tive health parameters, which can be leveraged to inform formulation 
design and optimize drug release kinetics [187]. In parallel, wearable 
and AI-enabled medical devices continuously capture physiological, 
behavioral, and contextual data, establishing a robust foundation for 
precision medicine approaches in women's health [185]. Representative 
examples include ML-driven fertility and cycle-prediction wearables 
such as the Ava fertility tracker bracelet and the Oura ring [188,189], 
hormone biosensors integrated into platforms such as OvuSense [190], 
pH-sensing intravaginal rings [191], and sensors embedded in tampons 
[192] that transmit real-time pH data. Collectively, these technologies 
have the potential to close the gap between real-world physiological 
dynamics and formulation design and development, ultimately enabling 
adaptive, patient-centric intravaginal therapeutics.

Patient-specific vaginal microbiota profiles generated using stratifi
cation and sequencing-based tools can be integrated into AI/ML models 
to support personalized therapeutic strategies. Such approaches have 
already demonstrated utility in clinical prediction tasks, including 
pregnancy outcome assessment and BV diagnosis [193–197]. Similar 
frameworks could be extended to connect clinical outcomes to novel 
vaginal formulation development research in future studies. Given the 
critical role of the vaginal microbiome in modulating local drug meta
bolism and microenvironmental conditions, incorporating microbiome 
data into formulation design frameworks represents another promising 
direction for the future.

Smart polymer-based vaginal formulations that respond to physio
logical triggers such as pH or enzymatic activity, or that enable 
enhanced mucus penetration, are also being actively explored to support 

on-demand and precision drug release [4,7]. These strategies closely 
align with the principles of personalized medicine and are further sup
ported by advanced manufacturing technologies, including three- 
dimensional (3D) printing, which allows the fabrication of anatomy- 
matched devices with customizable dosing, geometry, and release ki
netics [11]. To fully realize the potential of these innovations, future 
efforts should prioritize generating and curating high-quality in vitro, ex 
vivo, and in vivo datasets that encompass vaginal formulation perfor
mance and women's health parameters. Such datasets are essential for 
improving the robustness of AI/ML models and accelerating the clinical 
translation of personalized vaginal drug delivery systems.

In summary, AI and ML provide powerful tools to address the bio
logical complexity and interindividual variability inherent to vaginal 
drug delivery. Their integration with personalized medicine frameworks 
has the potential to transform vaginal delivery platforms into more 
predictive, efficient, and patient-focused processes within women's 
health. By enabling data-driven formulation design, predictive perfor
mance modeling, and microenvironment-responsive customization, AI- 
and ML-driven strategies may substantially accelerate development 
while improving therapeutic precision and clinical relevance.

6. Conclusion

The transformative potential of AI and ML in the development of 
vaginal drug delivery systems continues to be explored, along with the 
characterization of key vaginal microenvironment variables that influ
ence formulation performance, including vaginal biology, pathological 
conditions, and behavioral practices. This complexity necessitates the 
integration of biological, clinical, behavioral, and formulation datasets 
with predictive ML algorithms that can rapidly screen and suggest 
vaginal formulation ingredients for predefined formulation character
istics such as mucoadhesiveness, mucus-penetration, bio-responsive
ness, controlled drug-release rates, drug permeation, stability, and, 
ultimately, in vivo performance, thereby reducing experimental time 
and development costs. Despite a handful of formulation development 
studies demonstrating the application of AI and ML to vaginal delivery 
platforms, the overall application of AI/ML in vaginal drug delivery 
remains limited compared with more established areas of drug delivery, 
such as oral or injectable formulations. Accumulating evidence indicates 
that AI/ML approaches can streamline development by capturing com
plex interactions between formulation components and the vaginal 
microenvironment. Moreover, studies employing AI/ML across diverse 
drug delivery modalities and routes of administration are establishing a 
valuable foundation that can be leveraged to accelerate vaginal formu
lation design and development. One specific case is mucus-penetrating 
formulations. While AI/ML applications specifically for vaginal mucus- 
penetrating formulations have not yet been reported, studies in other 
administration routes, such as human airway and colonic mucus, high
light their potential [114]. These ML-driven approaches characterize 
particle motion across sizes and charges, identifying key factors that 
govern mobility. Applying such strategies could guide the rational 
design of next-generation vaginal delivery systems.

Despite these promising advances, significant challenges persist, 
including limited availability of high-quality datasets, scarcity of clinical 
data specific to vaginal formulations, and pronounced biological vari
ability, all of which constrain the robustness and generalizability of AL/ 
ML models. Addressing these barriers will require coordinated, multi
disciplinary efforts focused on improved data generation, transparent 
and responsible modeling practices, and supportive regulatory frame
works. Priorities include increasing the inclusion of women in clinical 
and formulation research, implementing privacy-conscious data collec
tion strategies, strengthening collaboration among academic, industrial, 
and clinical stakeholders, and rigorously validating AI/ML models using 
specific datasets. Collectively, these efforts are essential to ensuring the 
reliability, equity, and regulatory acceptance of AI/ML-driven technol
ogies in vaginal drug delivery and women's health. Ultimately, the 
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integration of AI and ML has the potential to transform vaginal formu
lation into a more predictive, efficient, and reproducible process, 
accelerating the translation of innovative delivery systems from labo
ratory design to clinically approved products.
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Machine learning models to accelerate the design of polymeric long-acting 
injectables, Nat. Commun. 14 (2023) 35, https://doi.org/10.1038/s41467-022- 
35343-w.

[93] A.D. Woolfson, M.L. Umrethia, V.L. Kett, R.K. Malcolm, Freeze-dried, 
mucoadhesive system for vaginal delivery of the HIV microbicide, dapivirine: 
optimisation by an artificial neural network, Int. J. Pharm. 388 (2010) 136–143, 
https://doi.org/10.1016/j.ijpharm.2009.12.042.

[94] E. Tsanaktsidou, M. Krestenitis, C. Karavasili, C.K. Zacharis, D.G. Fatouros, C. 
K. Markopoulou, In vitro and in silico computational methods for assessing vaginal 
permeability, Drug Dev. Ind. Pharm. 49 (2023) 249–259, https://doi.org/ 
10.1080/03639045.2023.2199071.

[95] L. Simon, M. Fernandes, Neural network-based prediction and optimization of 
estradiol release from ethylene–vinyl acetate membranes, Comput. Chem. Eng. 28 
(2004) 2407–2419, https://doi.org/10.1016/j.compchemeng.2004.06.002.

[96] G. Al-Kharusi, N.J. Dunne, S. Little, T.J. Levingstone, The role of machine 
learning and design of experiments in the advancement of biomaterial and tissue 
engineering research, Bioengineering 9 (2022) 561, https://doi.org/10.3390/ 
bioengineering9100561.

[97] I.M. Fukuda, C.F.F. Pinto, C. dos S. Moreira, A.M. Saviano, F.R. Lourenço, Design 
of experiments (DoE) applied to pharmaceutical and analytical quality by design 
(QbD), Braz. J. Pharm. Sci. 54 (2018), https://doi.org/10.1590/s2175- 
97902018000001006.

[98] Ł. Pałkowski, M. Karolak, B. Kubiak, J. Błaszczyński, R. Słowiński, Application of 
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[154] S. Jiménez-Jiménez, S. Cordero-Sánchez, R. García, J. Hernández, J. Villegas- 
Cortez.The effect of bcc lattices on the drug release kinetics in inert systems by 

monte carlo simulation, J. Mex. Chem. Soc. 69 (2025), doi:https://doi.org/ 
10.29356/jmcs.v69i1.2295.

[155] R. Cazorla-Luna, R. Ruiz-Caro, M.D. Veiga, R.K. Malcolm, D.A. Lamprou, Recent 
advances in electrospun nanofiber vaginal formulations for women’s sexual and 
reproductive health, Int. J. Pharm. (2021) 607, https://doi.org/10.1016/j. 
ijpharm.2021.121040.

[156] B.O. Omiyale, A. Ogbeyemi, A.A. Rasheed, T.M. Adamolekun, W.C. Zhang, 
Influence of electrospinning parameters on the development of high-quality 
electrospun nanofibers: a brief critical assessment, Next Nanotechnol. 8 (2025) 
100295, https://doi.org/10.1016/j.nxnano.2025.100295.
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[197] D. Fernández-Edreira, J. Liñares-Blanco, P. V.-del-Río, C. Fernandez-Lozano, 
VIBES: a consensus subtyping of the vaginal microbiota reveals novel 
classification criteria, Comput. Struct. Biotechnol. J. 23 (2024) 148–156, https:// 
doi.org/10.1016/j.csbj.2023.11.050.

D.A. Ogundemuren et al.                                                                                                                                                                                                                      Advanced Drug Delivery Reviews 234 (2026) 115882 

16 

https://doi.org/10.1080/19420862.2021.2013593
https://doi.org/10.1080/19420862.2021.2013593
https://doi.org/10.1016/j.jpba.2021.114379
https://doi.org/10.1093/jlb/lsaf028
https://doi.org/10.1093/jlb/lsaf028
https://doi.org/10.3390/ph18060901
https://doi.org/10.3390/ph18060901
https://doi.org/10.1038/s41746-025-01503-7
https://doi.org/10.1038/s41746-025-01503-7
https://doi.org/10.1053/j.gastro.2025.05.007
https://doi.org/10.1016/j.fertnstert.2018.05.006
https://doi.org/10.1016/j.fertnstert.2018.05.006
https://doi.org/10.7759/cureus.67891
https://doi.org/10.1111/cts.12884
https://doi.org/10.1503/cmaj.170107
https://doi.org/10.2196/53327
https://doi.org/10.1177/20552076221084461
https://doi.org/10.2196/60667
https://doi.org/10.2196/60667
https://doi.org/10.1038/s41467-025-63501-3
https://doi.org/10.1002/admt.202201600
https://doi.org/10.1002/admt.202201600
https://doi.org/10.1109/LSENS.2025.3549185
https://doi.org/10.1101/2025.05.02.25326872
https://doi.org/10.1186/s12915-023-01702-2
https://doi.org/10.1186/s12915-023-01702-2
https://doi.org/10.1038/s41522-025-00732-8
https://doi.org/10.1038/s41522-025-00732-8
https://doi.org/10.1186/s40168-020-00934-6
https://doi.org/10.1186/s40168-020-00934-6
https://doi.org/10.1016/j.csbj.2023.11.050
https://doi.org/10.1016/j.csbj.2023.11.050

	Artificial intelligence and machine learning in smart vaginal formulation development
	1 Introduction
	2 Complexity and variability in the vaginal microenvironment affecting formulation development and drug delivery
	3 Role of artificial intelligence and machine learning in formulation development
	3.1 Integration of AI and ML tools in vaginal formulation design and development
	3.2 Mucoadhesive and mucus-penetrating vaginal delivery systems
	3.3 Bio-responsive vaginal formulations
	3.4 Immediate and controlled drug-release vaginal systems
	3.5 Integrating AI/ML into vaginal formulation design

	4 Challenges in incorporating AI and ML in the development of vaginal drug delivery systems
	5 Future directions
	6 Conclusion
	Funding
	Declaration of competing interest
	Data availability
	References


