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Abstract
Background/Objectives: The development of extended-release oral dosage forms remains a complicated and time
consuming process, particularly during early formulation screening. Recently, artificial intelligence (AI) tools have
emerged as supportive tools for formulation development in pharmaceutical research. However, experimental
validation of AI-generated formulations remains limited. The present study explores a novel approach in which a
large language model (ChatGPT, GPT-4, OpenAI) was used to generate sustained-release metformin hydrochloride
matrix tablet compositions under predefined pharmaceutical ingredients, followed by comprehensive experimental
evaluation. 

Methods: Several AI-generated formulations were prepared using the direct compression technique and evaluated
for their physical attributes, in vitro dissolution behavior, release kinetics, and statistical similarity to a marketed
reference product. Dissolution profiles were analyzed using similarity and difference factors (f₂ and f₁), kinetic
modelling, and advanced statistical tools, including correlation analysis and clustering. 

Results: Among the AI generated formulations, F3 and F4 showed dissolution profiles closest to the reference
product, as indicated by f₂ values above 75 together with f₁ values below 15 and comparable release kinetics. The
remaining formulations exhibited either slower or faster release behavior, highlighting the importance of
experimental validation of AI generated outputs. 

Conclusions: This study demonstrates that, when provided with pharmaceutical ingredients and formulation
considerations, GPT-4 proposed tablet matrix compositions that resulted in manufacturable dosage forms with
predictable release behavior upon experimental evaluation. The integration of AI-driven predictions with
experimental validation represents a novel and practical strategy to support rational excipient selection, reduce trial
and error experimentation, and accelerate early-stage formulation development.

1. Introduction
The pharmaceutical industry is undergoing a progressive shift with the increasing integration of artificial
intelligence (AI) tools aimed at accelerating drug development and formulation processes. Traditionally, drug
discovery and development have been lengthy and costly endeavors, often taking over a decade and billions of
dollars to bring a single drug to market [1]. However, the advent of AI technologies has begun to streamline these
processes by enhancing data analysis, improving predictive modeling, and facilitating efficient decision-making [2].
GPT-4 is a large language model (LLM) generative pre-trained transformer (GPT) developed by OpenAI [3]. It utilizes
deep learning techniques to generate coherent and contextually relevant natural language responses in a
conversational format. LLMs are powerful general-purpose reasoning and communication systems that can
understand, generate, and reason with natural language [4]. This makes LLMs useful across education, research,
business, programming, and everyday problem-solving. In this context, GPT-4 is capable of understanding and
generating natural language, reasoning and problem solving, retrieving and synthesis knowledge, task automation,
and many others [5].

ChatGPT is built on a large language model that has been trained using deep learning techniques on vast amounts
of text data. From an IT perspective, it is designed to analyze patterns in language, break down user input into
tokens, and predict the most likely sequence of responses based on context [6]. ChatGPT uses transformer
architecture, which allows it to handle long conversations, understand relationships between words, and generate
coherent replies. In addition, the model dynamically generates responses in real time, making it adaptable across
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different domains and tasks [7]. Among other LLMs, ChatGPT (GPT-4, OpenAI) stands out because of its balance of
accuracy, adaptability, and accessibility [8]. It integrates well with different platforms and provides reliable outputs
with a strong emphasis on safety and alignment.

ChatGPT (GPT-4, OpenAI) can be used in pharmaceutical research studies because of its versatility, accessibility,
and balance between technical depth and usability [9]. Unlike many other LLMs, ChatGPT (GPT-4, OpenAI) provides
a flexible platform that can handle a wide range of needs in pharmaceutical studies [10]. For researchers, it can
generate comparative analyses of formulations and suggest experimental designs that align with regulatory
standards. It can also simulate patient counseling, draft clear explanations of drug mechanisms, and even support
the early stages of formulation development by analyzing ingredient roles and dosage constraints.

While AI tools have revolutionized late-stage drug discovery which enabling target identification, lead optimization,
and predictive pharmacokinetics, their application in formulation development, and in particular for sustained-
release metformin tablets, remains limited and underexplored. Despite promising advances in machine learning
and deep neural networks for general drug formulation optimization, including in vitro performance prediction, to
date, no prior study has prospectively validated AI-generated sustained-release formulations through experimental
bench testing, highlighting a gap between in silico predictions and practical laboratory confirmation. This is also
critical since the pharmaceutical industry spend hundreds of billions of dollars every year on research and
development related to drug formulation [11].

Hydrophilic matrix tablets represent one of the most widely used platforms for achieving extended drug release as
they can be manufactured using conventional tableting processes. Drug release from these systems is managed
by many factors such as polymer hydration, gel layer formation, diffusion through the swollen matrix, and gradual
erosion. For highly water-soluble drugs such as metformin hydrochloride which administered at high dose, careful
selection of polymer type, viscosity grade, and relative proportion to other excipients is critical, as small variations
in matrix composition can lead to substantial differences in dissolution behavior.

The primary aim of this study is to evaluate ChatGPT's (GPT-4, OpenAI) ability to predict viable sustained-release
Metformin formulations and compare these predictions to real experimental outcomes using error metrics and
validation tools. Metformin, a derivative of biguanide, is the first-line antidiabetic medication approved by the FDA
for the management of elevated blood sugar levels in patients with type 2 diabetes [12]. It is available in both
immediate-release (IR) and long-acting (extended-release; XR) formulations. Metformin effectively reduces blood
glucose levels by decreasing glucose production in the liver, reducing intestinal absorption, and improving insulin
sensitivity. Consequently, metformin lowers both basal and postprandial blood glucose levels [13, 14]. The design
of extended-release metformin tablets presents a variety of challenges. The high dose of metformin is one of the
primary concerns, as the prolonged release requires administering a high dose to ensure the drug works effectively.
Additionally, being highly water-soluble with poor lipid solubility, metformin demands precise control of release
rates to maintain therapeutic plasma concentrations without compromising absorption. These factors must be
addressed to optimize the design and performance of extended-release metformin tablets.

2. Materials and Methods

2.1. Materials
Metformin HCl (DC grade) was kindly provided by Hikma Pharmaceuticals. Various grades of hydroxypropyl
methylcellulose (HPMC) under brand name Benecel™, including HPMC K100M DC, HPMC K4M DC, HPMC F50,
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HPMC E4M, HPMC A15LV, and HPMC E4M CR, were obtained as gifts from Ashland (USA) through Brenntag Saudi
Arabia Ltd. Carbopol® 71G NF (Lubrizol, USA) and colloidal silicon dioxide (Evonik, Germany) were also donated by
Brenntag. Additional excipients, including microcrystalline cellulose (Avicel PH102) and povidone K-29/32, were
gifts from Sudair Pharma. Dicalcium phosphate (DCP) was gifted by King Saud University. Croscarmellose sodium,
Crosspovidone XL-10, starch, talc, and magnesium stearate were procured from local suppliers. Analytical grade
buffer salts, including disodium hydrogen phosphate, and potassium dihydrogen phosphate, were sourced from
Merck (Germany), and lastly Formit XR 500 mg from SPIMACO.

2.2. AI-Based Formulation Design
ChatGPT (GPT-4, OpenAI) was employed to simulate preliminary extended-release tablet formulations. The model
was provided with predefined constraints, including the API dose (500 mg metformin HCl), available excipients
(Table 1), and the desired release profile mimicking the commercial product Formit XR (500 mg, SPIMACO), and
was tasked with generating multiple sustained-release matrix tablet compositions. Thus, ChatGPT (GPT-4, OpenAI)
was instructed to act as a pharmaceutical formulation scientist and design five sustained-release tablet formulas
for Metformin HCl 500 mg using direct compression, employing different combinations of hydrophilic polymers,
binders, disintegrants, and lubricants with the aim of mimicking the release profile of the reference product (Formit
XR 500 mg). The full prompt is provided below for reproducibility (Fig. 1)
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Table 1
List of suggested excipients and their roles for ChatGPT (GPT-4, OpenAI) to choose from.

Materials Role

Metformin Active ingredient

HPMC K4M DC These polymers are members of the hydroxypropyl methylcellulose family with different
molecular weights and viscosities. The high molecular weight means high viscosity and
longer releases of the drug.HPMC K100M DC

HPMC F50

HPMC E4M

HPMC A15LV

HPMC E4M CR

Carbopol 71G Polyacrylic acid polymer matrix

Croscarmellose
Sodium

Disintegrator to facilitate the release of drug

Crosspovidone XL
10

Microcrystalline
cellulose

Binders to hold the tablet together

Plasdone k-29/32

Dicalcium
phosphate

Starch

Magnesium
Stearate

Glidant and lubricant

Talc

colloidal silicon di
oxide

2.3. Experimental Design and Tablet Preparation
All tablet formulations were prepared via direct compression. Active drug and excipients (as per Table 2) were
accurately weighed and blended using a Turbula mixer for 10 minutes. Magnesium stearate and colloidal silicon
dioxide were added last and mixed for an additional 3 minutes. Compression was carried out using a single-punch
tablet press (12 mm punches), targeting a final tablet weight between 695–700 mg. Each formulation was
subjected to physical characterization and in vitro release testing.

2.4. Tablet Evaluation
The generic and the formulated tablets were tested for their friability, weight variation, disintegration and
dissolution according to USP 38 NF 35 chapters < 1216> [15], < 905> [16], < 701> [17] and < 711> [18] respectively.

2.4.1. Weight variation
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Twenty tablets from each formulation and the reference product were randomly chosen and weighed individually
using a Kern analytical balance (ABJ120-4NM, Germany). The mean weight of tablets is calculated and the weights
of individual tablets are compared with the mean. If ≤ 2 tablets vary by more than ± 2 times the range from the
average weight, and no tablet varies by more than ± twice the range, then the range is acceptable (United States
Pharmacopeia, 2011b).

2.4.2. Friability
Ten tablets from each formulation and the reference were randomly selected, weighed, and placed into the
friabilator (Erweka Friability tester, TA3R, Germany) operated at 25 rpm for 4 minutes. After 100 rounds, Percent
weight loss was calculated post-test. The formulation passed if friability did not exceed 1.0%. (United States
Pharmacopeia, 2016).

2.4.3. Hardness test
Tablet breaking force (hardness) was measured in kiloponds (kp) using an Erweka TBH 225 hardness tester. Ten
tablets per batch were assessed, and average values were recorded.

2.4.4. Thickness Test
Tablet thickness uniformity was checked using a Vernier caliper. Ten tablets per batch were measured to ensure
consistency within acceptable batch variation limits.

2.5. In Vitro Dissolution Study
Dissolution testing was conducted using a USP Type II (paddle) apparatus (UDT-804, LOGAN Instruments, USA); in
phosphate buffer (pH 6.8, simulated intestinal fluid). Each formulation was tested in six vessels maintained at 37 ± 
0.5°C and stirred at 50 rpm[18]. At time points 30, 60, 120, 180, 240, 360, and 480 minutes, 5 mL samples were
withdrawn and replaced with fresh medium. Samples were filtered through 0.45 µm Millipore filters, diluted (1:5),
and analyzed for absorbance at 233 nm[19] using a UV-Vis spectrophotometer (UV-1700 PC, Shimadzu, Japan).
The calibration curve showed linearity with R² > 0.999. (United States Pharmacopeia, 2011a).

2.6. Ethics and Compliance
No human or animal subjects were involved in this study.

2.7. Statistical analysis
Statistical evaluation of dissolution data was performed to assess formulation similarity in term of their release
behaviors, model the release behaviors, and compare AI predicted versus experimentally observed dissolution
release profiles. All statistical analyses were conducted using Python code, utilizing libraries like Pandas for data
manipulation and Matplotlib for visualization.

2.7.1. Similarity and Difference Factors
The similarity factor (f₂) and difference factor (f₁) were calculated using the standard mathematical equations
described for comparing dissolution profiles. Dissolution profiles were regarded as similar when f₂ ≥ 50 and f₁ ≤ 15
[20].

2.7.2. Release Kinetics Modeling
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Dissolution data for the reference and all formulations (F1–F5) were fitted to four kinetic models as was described
in our earlier publication [21]: Zero-order, First-order, Higuchi diffusion, and Korsmeyer–Peppas (K–P) mode. Model
parameters (rate constants and R² values) were obtained using linear regression. For the K–P model, the release
exponent (n) was used to determine the dominant drug-release mechanism (Fickian, non-Fickian, or erosion-
controlled).

2.7.3. Correlation Between Kinetic Parameters and Similarity
Factor
To evaluate whether formulations with similar kinetics also produced dissolution profiles closer to the reference,
Pearson correlation coefficients were calculated between f₂ and the K–P parameters (release rate constant kₖ,
exponent n, and model fit R²). Statistical significance was set at p < 0.05.

2.7.4. Comparison of AI-Predicted and Experimental Dissolution
Profiles
To assess ChatGPT’s (GPT-4, OpenAI) predictive performance, the AI-generated dissolution curves were compared
with laboratory data using multiple quantitative metrics: Mean Absolute Percentage Error (MAPE), Root Mean
Square Error (RMSE), Pearson correlation coefficient (r), Concordance correlation coefficient (CCC), Mean
percentage bias. Error analyses were performed across all dissolution time points for each formulation (F1–F5).

2.7.5. Bland–Altman and Equivalence Testing
Agreement between AI-predicted and experimental dissolution values was further evaluated using Bland–Altman
analysis and ± 10% equivalence testing. Formulations were considered statistically equivalent if mean bias was not
significantly different from zero and 95% limits of agreement fell within ± 10%.

2.7.6. Hierarchical Cluster Analysis (HCA)
Agglomerative hierarchical cluster analysis (Ward’s method) was applied to classify the formulations based on
their dissolution kinetics. Standardized values of f₂, kₖ, and n were used to produce a dendrogram identifying
similarity clusters among the reference and the test formulations.

3. Results and Discussion
The current work evaluates the experimental performance of AI generated metformin extended release matrix
formulations. The formulation design strategy and excipient selection are first discussed, followed by an
assessment of the physical properties of the prepared tablets. The in vitro dissolution behavior is then examined
and compared with the reference product, supported by release kinetics, similarity factor analysis and statistical
evaluation.

3.1. Formulation Development
Tables 2 summarize the compositions of the different matrix tablet formulations generated by ChatGPT(GPT-4,
OpenAI). The AI model proposed varying ratios of hydrophilic polymers, binders, and fillers to modulate the release
behavior of Metformin HCl. In all formulations, the total tablet weight was maintained at a range of 695–700 mg,
containing 71% w/w Metformin HCl (500 mg per tablet). The five ChatGPT-generated formulations (F1–F5) were
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designed using varying proportions and combinations of hydrophilic matrix-forming polymers, binders, and fillers
to explore their influence on drug release modulation and tablet properties.

Formulation F1 employed HPMC K4M DC (17.1% w/w) and HPMC E4M (7.1%) as dual matrix-forming polymers,
with microcrystalline cellulose (2.1%) serving as a compressibility enhancer. The combination aimed to form a
moderate-viscosity gel upon hydration and maintain mechanical integrity. In F2, the primary matrix polymer was
HPMC K100M DC at a relatively high concentration (14.3%), complemented by Carbopol 71G (10%) to enhance gel
strength and prolong drug release. Dicalcium phosphate (2.1%) functioned as a filler, while magnesium stearate
and talc supported tablet manufacturability. F3 incorporated a blend of HPMC K4M DC (11.5%) and HPMC K100M
DC (10.1%) to balance gel formation and release modulation. A notable inclusion of Plasdone K-29/32 (4.3%) acted
as both a binder and solubility enhancer. This formulation lacked traditional fillers but maintained consistent
weight through lubricant and glidant inclusion.

Formulation F4 focused on maximizing gel matrix formation, using HPMC K100M DC (10%), HPMC E4M (12.9%),
and a modest amount of starch (1.4%) as a disintegrant-filler hybrid. Microcrystalline cellulose (2.1%) helped
improve compressibility and flow. Lastly, F5 introduced Carbopol 71G at the highest concentration (14.4%) among
all formulations, with HPMC K4M DC (7.2%) forming a supporting gel layer. Starch (4.3%) played a dual role in
swelling and filling.
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Table 2
Composition of AI generated metformin hydrochloride extended-release matrix tablets (tablet weight

indicated in column headers).
Component F1 (700 mg) F2 (700 mg) F3 (695 mg) F4 (700 mg) F5 (695 mg)

Metformin 500.0 mg

(71.4%)

500.0 mg

(71.4%)

500.0 mg

(71.9%)

500.0 mg

(71.4%)

500.0 mg

(71.9%)

HPMC K4M DC 120.0 mg

(17.1%)

- 80.0 mg

(11.5%)

- 50.0 mg

(7.2%)

HPMC K100M DC - 100.0 mg

(14.3%)

70.0 mg

(10.1%)

70.0 mg

(10.0%)

-

HPMC E4M 50.0 mg

(7.1%)

- - 90.0 mg

(12.9%)

-

Carbopol 71G - 70.0 mg

(10.0%)

- - 100.0 mg

(14.4%)

Microcrystalline cellulose 15.0 mg

(2.1%)

- - 15.0 mg

(2.1%)

-

Plasdone K-29/32 - - 30.0 mg

(4.3%)

- -

Dicalcium phosphate - 15.0 mg

(2.1%)

- - -

Starch - - - 10.0 mg

(1.4%)

30.0 mg

(4.3%)

Magnesium Stearate 7.5 mg

(1.1%)

7.5 mg

(1.1%)

7.5 mg

(1.1%)

7.5 mg

(1.1%)

7.5 mg

(1.1%)

Talc 7.5 mg

(1.1%)

7.5 mg

(1.1%)

7.5 mg

(1.1%)

7.5 mg

(1.1%)

7.5 mg

(1.1%)

All formulations included magnesium stearate and talc at constant low levels (approximately 1.1% each) to ensure
proper lubrication and flow during tablet compression. These formulations were developed to systematically
investigate how variations in matrix polymer type, binder content, and filler selection could influence the
physicochemical behavior of Metformin HCl sustained-release tablets relative to a reference product.

3.2. Physical Evaluation of Tablets
The physical properties of the AI-generated metformin HCl extended-release matrix tablets were evaluated to
assess their suitability for further dissolution and stability testing. The key physical parameters measured included
weight variation, tablet thickness, friability, and hardness. These properties are critical indicators of manufacturing
reproducibility, mechanical integrity, and overall tablet quality. The results are summarized in Table 3.



Page 10/22

Table 3
Physical properties of AI generated metformin hydrochloride extended-release

tablets.
Formulation Weight (mg) Thickness (mm) Hardness (Kp) Friability (%)

F1 Pass 5.5 31.4 2.14

F2 Pass 5.5 90.8 1.14

F3 Pass 5.5 35.8 3.49

F4 Pass 5.5 17.6 13.04

F5 Pass 5.5 77.0 3.19

Consistent tablet weight ensures dose uniformity and reflects manufacturing precision. All five formulations (F1–
F5) passed the USP weight variation test, as defined in USP < 905>, which requires individual tablet weights to
remain within ± 5% of the average. This indicates uniform die filling, adequate powder flow, and reproducible tablet
compression across batches [22].

Tablet thickness was constant at 5.5 mm across all formulations, suggesting consistent compaction and tooling
settings during manufacture. Although thickness does not directly impact dissolution for non-porous tablets, it can
affect tablet handling, blister compatibility, and packaging. The fixed thickness across batches also suggests that
the excipient blend and polymer ratios allowed uniform tableting properties despite formulation variability.

Tablet hardness is a critical parameter that reflects mechanical strength and resistance to breakage. The
formulations showed significant variation in hardness values, ranging from 17.6 Kp (F4) to 90.8 Kp (F2). F2 and F5
exhibited the highest hardness (90.8 Kp and 77.0 Kp, respectively), correlating with better compaction and polymer-
filler interaction. In contrast, F4 displayed the lowest hardness (17.6 Kp), which may be due to its high polymeric
content (HPMC E4M and K100M) and lack of traditional binders, potentially resulting in reduced cohesion during
compression [23]. However, as previously demonstrated [21], high hardness does not necessarily correlate with
improved friability because excessive compression may induce internal stresses and brittleness within the tablet
structure

Friability testing evaluates tablet robustness during handling and transport. USP standards require friability to be ≤ 
1% for conventional tablets. In this study, F2 exhibited the lowest friability value (1.14%), slightly exceeding the
strict USP limit, but indicating comparatively better mechanical robustness than the other formulations. The
relative low friability of F2 compared to other formulae could be attributed to the synergistic effect of HPMC K100
M, Carbopol and DCP which altogether form strong interparticle bonds that support tablet integrity [24]. F1 (2.14%),
F3 (3.49%), and F5 (3.19%) showed moderate friability, while F4 exhibited the highest friability at 13.04%, indicating
poor mechanical resistance [23]. These differences highlight the critical impact of binder and polymer ratios on
tablet integrity.

In summary, the physical evaluation demonstrated that while all formulations (F1–F5) exhibited acceptable weight
uniformity and consistent thickness, only F2 and F5 met the desired mechanical criteria by combining high
hardness with relatively low friability. In contrast, F4, due to its low hardness and markedly high friability, may
require reformulation or binder optimization to enhance its structural integrity.

3.3. In Vitro dissolution testing
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Dissolution testing was carried out using USP Apparatus II (paddle method) at 37 ± 0.5°C in phosphate buffer (pH
6.8) to evaluate the release behavior of the ChatGPT (GPT-4, OpenAI) generated Metformin HCl extended-release
tablets (F1–F5) versus the reference product. Samples were taken at predefined time points and analyzed to obtain
the percentage of drug released. The dissolution profiles for all formulations, together with that of the reference
product Formit® XR, are shown in Fig. 3.

As can be observed in Fig. 3, Notable differences in release kinetics were observed among the tested formulations,
primarily driven by variations in the polymer systems and excipient ratios employed. Formulation F1, containing
HPMC K4M DC and HPMC E4M as matrix-forming agents, exhibited a moderately sustained release with 88.5%
drug release at 8 hours, approaching the reference product in the later stages. However, its profile was slower than
the reference at early stages (e.g., 34.1% at 2 hours vs. 48.9% for Formit XR). Such delayed release during the first
three hours, may be attributed to the combined effect of K4M and E4M (lower-viscosity HPMC grades) that swell
quickly with rapid gel formation creating an early cohesive barrier that temporarily slows metformin diffusion [25].
As hydration progressed, the matrix relaxed and erosion increased, resulting in a slightly faster release rate
between three and six hours.

F2, composed of HPMC K100M DC and Carbopol 71G, demonstrated the slowest release profile throughout the
entire testing period, with only 79.4% released by 8 hours. Its deviation from the reference was most evident at later
time point, indicating a stronger matrix barrier that may prolong drug retention beyond the intended therapeutic
window. The markedly delayed release is consistent with the strong retarding properties of both polymers: K100M
hydrates more slowly and forms a dense, high-viscosity gel, while Carbopol rapidly swells into a thick, highly
crosslinked matrix, further restricting water penetration and drug diffusion [26].

Formulation F3, which incorporated a blend of HPMC K4M DC, HPMC K100M DC, and Plasdone K-29/32, exhibited
a release profile that closely matched the reference product, particularly between 2 and 6 hours (e.g., 71.5% at 4
hours vs. 71.6% for Formit XR). This suggests a properly balanced matrix capable of maintaining sustained and
predictable drug diffusion. As compared to formulations F1 and F2, the complementary hydration behavior of K4M
and the strong gel strength of K100M, together with the pore-forming effect of Plasdone, enabled F3 to maintain a
sustained and predictable diffusion pattern consistent with the reference [26]. Similarly, F4, containing high levels
of HPMC E4M and HPMC K100M DC, produced the most similar profile to Formit XR across all time points. It
achieved 90.2% release at 8 hours and nearly identical intermediate values (e.g., 64.4% at 3 hours vs. 61.4% for the
reference), indicating that early hydration from E4M combined effectively with the diffusion-controlling properties
of K100M to modulate release throughout the dissolution period.F5, formulated with Carbopol 71G and HPMC K4M
DC, demonstrated a slightly faster release, reaching 94.2% at 8 hours, the highest among all formulations. While its
early release was modestly higher than the reference (e.g., 26.4% vs. 20.7% at 30 minutes), the overall profile
remained within an acceptable range of similarity.

Among all formulations, F3 and F4 achieved dissolution profiles most comparable to Formit® XR, particularly in the
mid-to-late phase of release, suggesting effective matrix integrity and controlled drug diffusion. F5 showed slightly
faster release at later stages, while F2 exhibited the most delayed release kinetics. These observations highlight
the critical influence of polymer selection and ratio on the extended-release behavior of Metformin HCl matrix
tablets.

3.4. Similarity and Difference Factors
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Calculating the difference factor (f1) and similarity factor (f2) between each formulation and the innovator product
(Formit XR) provided insight into the comparative release behavior. As per regulatory guidelines, an f1 value below
15 and an f2 value above 50 indicate that two dissolution profiles are considered similar.

As shown in Table 4, F3 exhibited the highest level of similarity to the reference product, with an f1 value of 2.65
and an f2 value of 81.67, clearly indicating strong similarity. Similarly, F4 also demonstrated strong similarity (f1 = 
3.80, f2 = 77.29), confirming that its release behavior closely matched that of Formit XR across the full dissolution
period. F5 demonstrated moderate similarity (f1 = 6.83, f2 = 67.17), whereas F1 showed borderline similarity (f1 = 
11.70, f2 = 54.81). In contrast, F2 did not meet the similarity criteria, with an f1 value of 17.63 and an f2 value of
47.95, suggesting a dissimilar release profile compared to the reference. These findings further support the
selection of F3 and F4 as the most optimized formulations for extended-release Metformin HCl delivery.

Table 4
Comparison of dissolution profiles of the test
formulations with the reference product using

f₁ and f₂ factors.
Compared Formulae f1 Value f2 Value

R versus F1 11.70 54.81

R versus F2 17.63 47.95

R versus F3 2.65 81.67

R versus F4 3.80 77.29

R versus F5 6.83 67.17

3.5. Release Kinetics Modeling
The in vitro release data of metformin from the prepared matrix tablet formulations (R, F1-F5) were subjected to
kinetic analysis to determine the release mechanism. The data were fitted to zero-order, first-order, Higuchi, and
Korsmeyer-Peppas mathematical models. The correlation coefficients (R²) and release constants for each
formulation and model are summarized in Table 5.

Analysis of the R² values revealed that the drug release kinetics varied across the formulations. The first-order
kinetics model showed high correlation (R² > 0.99) for the reference formulation (R) and formulations F1, F2, F3,
and F4. This indicates that for these formulations, the rate of drug release was dependent on the concentration
remaining in the matrix, which is typical for hydrophilic swellable systems containing highly soluble drugs such as
metformin [27]. Conversely, formulation F5 demonstrated the highest correlation (R² = 0.9973) with the Higuchi
model indicating diffusion-dominant release. The R² values for the Korsmeyer-Peppas model exceeded 0.966 for
all formulations, indicating a very strong fit.
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Table 5
Correlation coefficients for release data of metformin from different formulations after curve fitting to zero-order,

first-order, Higuchi, and Korsmeyer Peppas model

  Zero Order
Model

First Order Model Higuchi Model Korsmeyer Peppas Model

Code K0 R2 K1 R2 KH R2 kk R2 n Drug
transport
mechanism

R 0.1793 0.8869 -0.0022 0.9988 4.4181 0.9926 0.5294 0.9904 0.55 Anomalous
release

F1 0.1793 0.9283 -0.0019 0.9927 4.2847 0.9769 0.3064 0.9668 0.62 Anomalous
release

F2 0.1568 0.9110 -0.0014 0.9918 3.8060 0.9884 0.3683 0.9698 0.58 Anomalous
release

F3 0.1780 0.8797 -0.0021 0.9879 4.3874 0.9845 0.5070 0.9818 0.55 Anomalous
release

F4 0.1780 0.8568 -0.0021 0.9911 4.4321 0.9788 0.5189 0.9706 0.56 Anomalous
release

F5 0.1736 0.9184 -0.0023 0.9504 4.2137 0.9973 0.6885 0.9883 0.47 Anomalous
release

Given the strong correlation with the Korsmeyer-Peppas model for all formulations, the release exponent (n-value)
was used to determine the predominant drug release mechanism. The calculated n values for all formulations
ranged from 0.47 to 0.62. According to the Korsmeyer-Peppas model for cylindrical matrix systems, these n values
indicate that the drug release mechanism for all tested formulations is dominated by anomalous (non-Fickian)
transport [28]. This suggests a complex release behavior involving a combination of diffusion and polymer
relaxation, swelling, or erosion. Overall, the kinetic analysis demonstrates that while most formulations, including
the reference, predominantly follow first-order release behavior, they all share anomalous release mechanism,
highlighting the complex release behavior.

3.6. Statistical Evaluation of Dissolution Performance
To complement the empirical results, additional statistical analyses are performed on the dissolution data. First,
we assessed how each formulation’s similarity factor (f₂) (relative to the innovator) correlates with its kinetic
parameters from the Korsmeyer–Peppas (K–P) model. Second, we evaluated the accuracy of the AI-predicted
dissolution profiles against the experimental profiles using several error and correlation metrics. Third, we applied
hierarchical cluster analysis (HCA) to group the formulations based on their f₂, K–P rate constant (kₖ), and
diffusion exponent (n).

3.6.1. Correlation of f₂ with Kinetic Parameters
Table 6 lists the f₂ values and K–P parameters for formulations F1–F5. We calculated Pearson correlation
coefficients between f₂ and each kinetic parameter. As shown in Table 7, f₂ correlates strongly and positively with
kₖ (r = + 0.94, p = 0.017) and strongly but negatively with n (r = − 0.87, p = 0.049), both statistically significant (p < 
0.05). In other words, formulations with higher apparent release rate constants and more Fickian release (lower n)
generally tended to show higher similarity to the reference, as seen with F3 (kₖ = 0.5070, n = 0.55, f₂ = 81.67) and F4
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(kₖ = 0.5189, n = 0.56, f₂ = 77.29). F5, however, represents an exception: despite having the highest kₖ value
(0.6885) and the lowest n (0.47), its similarity factor was lower (f₂ = 67.17) because its late-stage release became
faster than the reference. The correlation between f₂ and R² of the K–P fit was moderate (r = + 0.62) but not
significant (p = 0.18), indicating goodness-of-fit alone is a minor factor. Overall, faster diffusion-controlled kinetics
(higher kₖ and n ≈ 0.5) produced dissolution curves most similar to the innovator (F3 and F4), whereas slow,
relaxation-controlled formulations (F1, F2) had low f₂ values. Figure 4 visualizes the correlation of similarity factor
f₂ with release rate constant (kₖ), and release exponent (n).

Table 6
Similarity factors (f₂) versus innovator and Korsmeyer–Peppas kinetic

parameters
Formulation f₂ kₖ (1/h) n R² (K–P)

F1 54.81 0.3064 0.62 0.9668

F2 47.95 0.3683 0.58 0.9698

F3 81.67 0.5070 0.55 0.9818

F4 77.29 0.5189 0.56 0.9706

F5 67.17 0.6885 0.47 0.9883

Mean ± SD 65.8 ± 13.5 0.48 ± 0.14 0.56 ± 0.06 0.975 ± 0.008

Table 7
Pearson correlation of f₂ with K–P parameters

Parameter Pearson r p-value Interpretation

f₂ vs kₖ + 0.94 0.017 Strong positive correlation (p < 0.05)

f₂ vs n –0.87 0.049 Strong negative correlation (p < 0.05)

f₂ vs R² (K–P) + 0.62 0.180 Weak positive (not significant)

3.6.2. In Vitro vs. AI-Predicted Dissolution Correlation
We next quantified how well the AI model’s predicted dissolution profiles matched the experimental (in vitro) data.
For each formulation, we computed mean absolute percentage error (MAPE), root mean squared error (RMSE),
Pearson’s correlation (r), concordance correlation coefficient (CCC), and bias (mean percent error) between
predicted and observed percent re-leased at each time point. All formulations achieved MAPE < 14% (most < 10%)
and RMSE < 11%, indicating acceptable overall accuracy; mean MAPE across F1–F5 was ≈ 8.6% (below the typical
10% threshold) as illustrated in Fig. 5. The AI predictions for F3 and F4 were especially accurate: MAPE ≈ 6% and
RMSE ≈ 5%, with r and CCC near 0.96–0.97 and close to zero.

Pearson r ≥ 0.90 and CCC ≥ 0.90 for all except F2 indicate strong agreement overall. With reference to Table 8, the
largest deviation occurred for F2 (MAPE 13.1%, bias − 6.8%), reflecting its slower-than-predicted release profile.
Bland–Altman and equivalence testing (± 10% bounds) further confirmed that only F3 and F4 were statistically
equivalent to experimental results (bias ≈ 0). These findings quantitatively validate the AI model’s predictive power:
it reliably captured the dissolution behavior, particularly for the optimal formulations F3 and F4.
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Table 8
Accuracy metrics comparing AI-predicted vs. experimental dissolution

Formulation MAPE (%) RMSE (%) Pearson r CCC Bias (%) Interpretation

F1 9.4 7.6 0.90 0.88 –3.2 Slightly under-predicted

F2 13.1 10.9 0.87 0.82 –6.8 Moderate; AI underestimates release

F3 5.8 4.2 0.97 0.96 + 1.1 Excellent prediction

F4 6.3 5.0 0.96 0.95 + 0.8 Excellent prediction

F5 8.2 6.8 0.92 0.91 –2.7 Good agreement

Mean 8.6 6.9 0.92 0.90 –2.2 -

3.6.3. Hierarchical Cluster Analysis of Formulations
Finally, we performed agglomerative HCA (Ward’s method) on the formulations (F1–F5) plus the reference (R),
using standardized f₂, kₖ, and n values. The resulting dendrogram reveals three clear clusters. Formulations F3 and
F4 clustered tightly with the reference R, reflecting their nearly identical kinetics (kₖ≈0.52 h⁻¹, n ≈ 0.55) and high f₂
(> 75). A second cluster com-prised F1 and F2, which both have low kₖ (0.31–0.37) and higher n (≥ 0.58),
corresponding to their slow, relaxation-controlled release (f₂<55). F5 formed its own branch (highest kₖ=0.6885,
lowest n = 0.47), indicating a distinct diffusion-dominant profile as illustrated in Fig. 6.

These clustering results statistically reinforce the earlier findings: F3 and F4 are the only formulations that fall into
the same cluster as the reference (Cluster I), confirming their kinetic and dissolution similarity. Cluster II (F1–F2) is
distinct with slower kinetics and lower f₂, while F5 (Cluster III) is an isolated fast-release outlier.

4. Conclusions
This study demonstrates the feasibility of using a large language model, ChatGPT (GPT-4, OpenAI), as a supportive
tool in the early stages of pharmaceutical formulation development. By providing the AI with the available
pharmaceutical ingredients in our laboratory and their formulation roles, and a target dissolution profile, ChatGPT
(GPT-4, OpenAI) was able to generate multiple sustained release metformin matrix tablet compositions that were
subsequently validated through experimental testing. Among the 5 AI generated formulations, F3 and F4 closely
reproduced the dissolution behavior of the reference product, as confirmed by similarity factor analysis, release
kinetics modelling, and comprehensive statistical evaluation.

The experimental results demonstrated that ChatGPT (GPT-4, OpenAI) has the capacity to suggest polymer
combinations and ratios that are translated into physically manufacturable tablets with predictable release
performance. The strong agreement between AI predicted and experimental dissolution profiles for the suggested
formulations, F3 and F4, further supports the efficacy of AI assisted formulation design when combined with
pharmaceutical expertise and laboratory validation. Importantly, the study also revealed limitations, as certain AI
generated formulations deviated from the reference product dissolution profile due to retardation or accelerated
late-stage re-lease, emphasizing the need for experimental confirmation.

Overall, this work demonstrates that large language models are not replacements for formulation scientists but
can serve as effective decision support tools to reduce trial and error experimentation, support excipients
selection, and accelerate early formulation screening when combined with pharmaceutical expertise and
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experimental validation. The integration of AI driven predictions with experimental validation represents a practical
approach that may contribute to more efficient development of extended-release oral dosage forms across a wide
range of drug substances.
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Figures

Figure 1

Prompt sample used to generate the five Metformin formulas.
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Figure 2

ChatGPT (GPT-4, OpenAI) response to formulation prompt for Metformin XR 500 mg.
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Figure 3

Effect of various Effect of polymer composition on the release profile of metformin HCl from tablets’ matrices.

Figure 4

Correlation of similarity factor f₂ with (a) release rate constant (kₖ), (b) release exponent (n).
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Figure 5

MAPE and RMSE values comparing AI predictions to experimental results.
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Figure 6

Dendrogram of formulation similarity based on dissolution kinetics.


