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Dissolution testing is an essential quality control procedure used in 

pharmaceutical industries to evaluate how a drug is released from oral dosage 

forms such as tablets and capsules. Traditional methods for optimizing 

dissolution parameters often require multiple laboratory experiments and 

significant time. Recently, artificial intelligence (AI) and machine learning 

(ML) techniques have been introduced to improve this process. AI models can 

analyse large pharmaceutical datasets and accurately predict drug release 

behavior. These predictive models help optimize important dissolution 

parameters such as agitation speed, dissolution medium composition, 

temperature, and sampling time. By applying AI in dissolution testing, 

pharmaceutical scientists can reduce experimental workload, improve 

prediction accuracy, and accelerate formulation development. 
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1. INTRODUCTION 

Oral drug dosage forms such as tablets and capsules are the most commonly used pharmaceutical 

products worldwide. These dosage forms are preferred because they are easy to administer, stable during 

storage, cost-effective to manufacture, and provide good patient compliance.1 For an orally 

administered drug to produce its therapeutic effect, it must first dissolve in the gastrointestinal fluids 

before being absorbed into the bloodstream. Dissolution testing is a standard laboratory procedure used 

to evaluate the rate and extent at which a drug is released from a dosage form into a dissolution medium 
under controlled conditions. It is an important quality control test used in pharmaceutical research, 

product development, and manufacturing.2 Dissolution testing helps ensure batch-to-batch consistency 

and provides valuable information about the drug’s in-vitro release behavior. Regulatory authorities 
such as the U.S. Food and Drug Administration (FDA), European Medicines Agency (EMA), and 

United States Pharmacopeia (USP) require dissolution testing for the approval and quality assessment 

of pharmaceutical products.  

Dissolution profiles are often used to compare different formulations, evaluate manufacturing changes, 

and predict in-vivo drug performance.3 Traditional approaches for optimizing dissolution testing 

parameters rely mainly on trial-and-error experimentation. Researchers must perform multiple 

experiments to determine the optimal conditions for factors such as dissolution medium composition, 

agitation speed, temperature, and sampling intervals. This process can be time-consuming, expensive, 

and inefficient. With the advancement of digital technologies, artificial intelligence (AI) and machine 
learning (ML) have emerged as powerful tools in pharmaceutical research and development.4 AI 

techniques can analyse complex datasets and identify patterns that may not be easily detected through 

traditional statistical methods. Machine learning models can learn from experimental data and make 
predictions about drug release behavior. Several AI-based methods, including artificial neural networks 
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(ANN), support vector machines (SVM), decision trees, and random forest algorithms, have been 

applied to predict dissolution profiles and optimize formulation variables.5 These models help scientists 

understand the relationships between formulation components, process parameters, and drug release 

characteristics. The integration of AI in pharmaceutical formulation development has the potential to 

significantly reduce experimental work, improve prediction accuracy, and accelerate drug development. 
As pharmaceutical datasets continue to grow, AI-driven approaches are expected to become an 

important part of dissolution testing and formulation optimization.6-7 

2. DISSOLUTION TESTING IN PHARMACEUTICAL DEVELOPMENT 

Dissolution testing measures the amount of drug released from a dosage form into a dissolution medium 

over time. It plays a critical role in ensuring the quality, safety, and effectiveness of pharmaceutical 

products.8 

Dissolution testing is commonly used for: 

 Quality control of pharmaceutical products 

 Evaluation of formulation performance 

 Comparison of generic and reference products 

 Prediction of drug bioavailability 

 Monitoring stability during storage 

The dissolution profile obtained during testing represents the percentage of drug released at different 

time intervals. A dissolution apparatus usually consists of a rotating paddle or basket placed in a vessel 

containing dissolution medium maintained at 37 ± 0.5°C, which simulates human body temperature.9 

2.1. Key Dissolution Testing Parameters10-14 

Several parameters influence the dissolution rate of oral dosage forms. 

2.1.1. Dissolution Medium 

The composition and pH of the dissolution medium significantly affect drug solubility and release rate. 

Common media include simulated gastric fluid, phosphate buffer, and hydrochloric acid solutions. 

2.1.2. Agitation Speed 

Agitation speed controls the hydrodynamic conditions inside the dissolution vessel. Higher speeds 

generally increase drug dissolution rates. 

2.1.3. Temperature 

Most dissolution tests are performed at 37°C to simulate physiological conditions. 

2.1.4. Sampling Time 

Samples are withdrawn at predetermined time intervals to measure the amount of drug released and 

construct a dissolution profile. 

2.2. Role of Artificial Intelligence in Dissolution Testing 

Artificial intelligence techniques can analyse complex pharmaceutical datasets and predict dissolution 

behavior more efficiently than traditional approaches. Machine learning algorithms can identify 

relationships between formulation variables and drug release characteristics. These algorithms learn 

from historical data and can predict dissolution outcomes under different conditions.15 Some commonly 

used AI techniques include: 

2.3. Artificial Neural Networks (ANN) 

Artificial Neural Networks (ANN) are powerful deep learning models that mimic the human brain’s 

structure to identify complex nonlinear relationships between variables. In dissolution testing, ANN can 

be trained using formulation and process parameters such as excipient composition, particle size, 

agitation speed, and pH to predict drug release profiles.16 ANN models are particularly useful for 

capturing intricate interactions among variables and generating accurate dissolution curves, thereby 

reducing experimental trials and enhancing formulation optimization. 
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2.4. Support Vector Machines (SVM) 

Support Vector Machines (SVM) are supervised learning models used for classification and regression 

tasks. In dissolution studies, SVM can be applied to predict drug release behavior or classify 

formulations based on their dissolution performance.17 By identifying an optimal hyperplane, SVM 

effectively handles high-dimensional data and provides robust predictions even with limited datasets. 
Its ability to model nonlinear relationships using kernel functions makes it suitable for complex 

pharmaceutical systems.18 

2.5. Random Forest and Decision Trees 

Decision Trees are simple, interpretable models that split data based on key variables to predict 

outcomes. In dissolution testing, they help identify critical factors influencing drug release, such as 

formulation composition and processing conditions. Random Forest, an ensemble of multiple decision 
trees, improves prediction accuracy and reduces overfitting by aggregating outputs from several trees. 

These models are highly effective for feature selection and ranking the importance of variables, enabling 

efficient optimization of dissolution parameters.19-21  

 

Figure 1. Commonly used AI techniques 
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Figure 2. Algorithm: AI-Driven Optimization of Dissolution Testing Parameters 

2.6. Model AI Workflow for Dissolution 22-25 

Step 1: Collect Data (Formulation + Process + Dissolution) 

Step 2: Data Preprocessing (cleaning, normalization) 

Step 3: Feature Selection 

Step 4: Choose Model (ANN / SVM / RF) 

Step 5: Train Model 

Step 6: Validate Model 

Step 7: Predict Dissolution Profile 

Step 8: Optimize Parameters 

Table 1. Model Dataset Format 

Particle Size RPM pH Hardness Time % Release 

50 µm 50 6.8 5 kg/cm² 10 min 30% 

50 µm 50 6.8 5 kg/cm² 30 min 65% 
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Table 2. AI Tools for Dissolution 

Stage Purpose Tools / Software Key Functions 

Data Collection Capture 

experimental data 

LabWare LIMS, Waters 

Empower, Agilent OpenLab 

Store dissolution data, 

manage batches, instrument 

integration 

Data Storage Organize datasets Microsoft Excel, CSV files, 

databases 

Data entry, tabulation, basic 

calculations 

Data Preprocessing Clean & prepare 

data 

Python, R Missing value handling, 

normalization, feature 

engineering 

Machine Learning 

Modeling 

Build AI models Scikit-learn, TensorFlow, 

Keras 

ANN, SVM, Random Forest, 

regression models 

No-Code / Low-

Code AI 

Easy model 

development 

KNIME, RapidMiner Drag-and-drop workflows, no 

programming needed 

Visualization Plot & interpret 

results 

Matplotlib, Seaborn, Tableau Dissolution curves, feature 

importance graphs 

Model Validation Check accuracy & 

performance 

Scikit-learn (Grid Search 

CV), Cross-validation tools 

R², RMSE, hyperparameter 

tuning 

Explainable AI 

(XAI) 

Interpret model 

decisions 

SHAP, LIME Feature importance, model 

transparency 

Cloud & 

Automation 

Scale & automate AI Google Colab, AWS 

SageMaker, Azure Machine 

Learning 

Large dataset handling, 

automated pipelines 

3. APPLICATIONS OF AI IN ORAL DRUG FORMULATION 

Artificial intelligence has many applications in pharmaceutical formulation development, including: 

 Prediction of dissolution profiles 

 Optimization of tablet formulations 

 Prediction of disintegration time 

 Evaluation of excipient interactions 

 Process optimization in manufacturing 

By using AI models, researchers can reduce the number of experimental trials required for formulation 

development.26-27 

3.1. Advantages of AI-Based Dissolution Optimization 

The use of artificial intelligence in pharmaceutical research offers several advantages: 

 Reduction in experimental trials 

 Faster drug development process 

 Improved prediction accuracy 

 Reduced research costs 

 Better understanding of formulation variables 

AI models can also analyse large pharmaceutical datasets and detect patterns that may not be visible 

through traditional methods.28 

3.2. Challenges and Limitations 

Despite its advantages, the implementation of AI in pharmaceutical research faces several challenges: 

 Limited availability of high-quality datasets 

 Need for validation of predictive models 

 Regulatory acceptance of AI-based predictions 

 Requirement for specialized computational skills 
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However, with continuous technological advancements, these limitations are gradually being 

addressed.29-30 

3.3. Future Perspectives 

The future of pharmaceutical formulation development is expected to involve greater integration of 

artificial intelligence, automation, and data analytics. AI-driven models combined with advanced 
analytical techniques may significantly improve the efficiency of drug development and quality control 

processes.31-35 

4. CONCLUSION 

Artificial intelligence has emerged as a powerful tool for optimizing dissolution testing parameters in 

oral drug dosage forms. AI-based machine learning models can predict drug release behavior, analyse 

formulation variables, and optimize testing conditions more efficiently than traditional experimental 
approaches. The integration of AI into pharmaceutical research can significantly reduce experimental 

workload, improve prediction accuracy, and accelerate drug development. As pharmaceutical data 

availability continues to increase, AI technologies will play an increasingly important role in the future 

of drug formulation and quality control. 
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