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[bookmark: _Hlk225936607]Abstract: 
Artificial intelligence and machine learning are transforming pharmaceutical formulation and drug delivery by shifting traditional trial-and-error approaches towards data-driven, predictive methodologies. This study examines the potential of AI to enhance drug development efficiency, optimise formulation design, and address significant pharmaceutical challenges such as elevated development costs, inadequate drug solubility, and intricate formulation variables. Artificial intelligence techniques, including support vector machines, deep learning models, and artificial neural networks, facilitate the rapid analysis of large datasets to predict critical quality attributes such as stability, bioavailability, and drug release profiles. AI integration in pre-formulation studies diminishes experimental workload and accelerates decision-making by facilitating accurate predictions of physicochemical properties. AI-assisted compatibility analysis and excipient selection also make formulations work better and last longer. Self-emulsifying drug delivery systems, nanomedicine, and controlled-release formulations are advanced uses that show how AI can make treatments work better. AI also cuts down on the time and money needed for traditional methods of drug discovery, target identification, and virtual screening by a large amount. AI-driven methods are more efficient, repeatable, and scalable than human-generated formulations, but issues with data quality, regulatory acceptance, and model interpretability still exist. AI also helps with managing the lifecycle, predicting stability, and optimising drug delivery systems. This makes products better and lowers the number of failures. The combination of AI with digital prototyping and Design of Experiments helps intelligent manufacturing and formulation innovation even more. Despite these drawbacks, hybrid approaches that combine human knowledge with AI capabilities hold the key to the future of pharmaceutical sciences. All things considered, AI-driven formulation techniques have enormous potential to transform pharmaceutical research by increasing precision, shortening development times, and improving patient outcomes.
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INTRODUCTION: 
The combination of machine learning and artificial intelligence techniques has recently been a major catalyst in the revolution of pharmaceutical formulation design ([footnoteRef:1]).  This fusion of cutting- edge computational techniques with conventional pharmaceutical sciences presents previously unheard-of chances to spur innovation and optimise procedures throughout the drug development spectrum ([footnoteRef:2]). Machine learning is a subfield of artificial intelligence that focuses on learning strategies that are appropriate for machines ([footnoteRef:3]). These strategies enable machines to learn valuable information from external input data, just like humans do, and to enhance their processing capabilities based on newly learned data ([footnoteRef:4]). Machine learning is often recognised as the most effective method for predicting illnesses such as heart disease and asthma ([footnoteRef:5]). Artificial Intelligence improves the design of preclinical and clinical studies, forecasts toxicity, and expedites regulatory decision-making in drug development ([footnoteRef:6]). The nature of the particular ceramic being processed as well as the requirements for density, surface finish, size, and geometrical complexity of the part all play a role in choosing the best Additive manufacturing process for a given application ([footnoteRef:7]). AI's potential for the pharmaceutical sector. In recent years, neural networks have become a feasible alternative ([footnoteRef:8]). Neural networks are mathematical structures that can "learn" correlations in data without user input ([footnoteRef:9]). AI employs methods for gathering the massive volumes of data produced by those clinical trials, thereby lowering the number of data workers needed for the same ([footnoteRef:10]). Artificial intelligence is the term used to describe the simulation of human intelligence in machines that have been trained to think, learn, and solve problems in ways that are similar to human cognitive processes ([footnoteRef:11]). AI has many uses in a variety of sectors, such as healthcare, banking, entertainment, and transportation ([footnoteRef:12]). It can be applied to simple automation tasks as well as more complicated procedures like predictive analytics, data analysis, and decision-making ([footnoteRef:13]). By increasing productivity, accuracy, and the capacity to manage massive amounts of data, AI technologies like computer vision, machine learning, and natural language processing have completely transformed these sectors ([footnoteRef:14]). Artificial intelligence is a field of computer science that focuses solely on solving problems and building machines that can perform tasks that would otherwise require human operators and intelligence ([footnoteRef:15]). Artificial intelligence, 3D printing, robots, and nanotechnology are examples of digital health-care innovations that have enormous potential to influence the future of healthcare by lowering human error, enhancing therapeutic results, and enabling long-term data monitoring ([footnoteRef:16]). In many scientific fields, AI has become a game-changing in silico tool, and its potential to improve pharmaceutical 3D printing technology is becoming more widely acknowledged ([footnoteRef:17]). A key component of drug development is the creation of pharmaceutical formulations that are stable, safe, and effective ([footnoteRef:18]). Formulation scientists have traditionally used empirical techniques and trial-and-error experimentation to optimise drug-excipient combinations, process parameters, and dosage forms ([footnoteRef:19]). These conventional methods often take a lot of time and money, and they might not always yield the most dependable or efficient outcomes ([footnoteRef:20]). Artificial intelligence in nanomedicine, including liposomes, solid lipid nanocarriers, niosomes, and self-micro emulsifying drug delivery systems, has recently been adopted by pharmaceutical research and development ([footnoteRef:21]). The use of nanomedicines to address problems with toxicity, poor aqueous drug solubility, and lack of site-targeting following drug administration has grown ([footnoteRef:22]). Techniques like self-emulsifying drug delivery systems are becoming more and more acknowledged as practical methods, techniques like SEDDS are becoming more and more acknowledged as practical methods ([footnoteRef:23]). Through self-emulsification, SEDDS improve the bioavailability of poorly soluble medications, facilitating better absorption and distribution of active ingredients in the gastrointestinal tract, through self-emulsification ([footnoteRef:24]). SEDDS improve the bioavailability of poorly soluble medications, facilitating better absorption and distribution of active ingredients in the gastrointestinal tract ([footnoteRef:25]). Institutions are increasingly using AI-based solutions that aim to improve society's well-being because it can also be used to solve public policy issues ([footnoteRef:26]). Modern computers' ability to process information and AI tools have made it possible for them to be used in a variety of institutional tasks, addressing both internal and external issues ([footnoteRef:27]). In the past, finding appropriate formulations that guarantee both medication efficacy and patient safety frequently required a great deal of laboratory experimentation and trial and error ([footnoteRef:28]). Complex biological, chemical, and clinical data can be analysed by AI algorithms at previously unheard-of speeds, revealing patterns that human researchers might miss ([footnoteRef:29]). These milestones underscore a shift from speculative promise to practical utility, highlighting the capacity of AI to accelerate development timelines, reduce costs, and improve the likelihood of clinical success ([footnoteRef:30]). [1: ]  [2: ]  [3: ]  [4: ]  [5: ]  [6: ]  [7: ]  [8: ]  [9: ]  [10: ]  [11: ]  [12: ]  [13: ]  [14: ]  [15: ]  [16: ]  [17: ]  [18: ]  [19: ]  [20: ]  [21: ]  [22: ]  [23: ]  [24: ]  [25: ]  [26: ]  [27: ]  [28: ]  [29: ]  [30: ] 

Current Pharmaceutical Challenges: 
The pharmaceutical industry is dealing with previously unheard-of difficulties in the areas of manufacturing, regulatory approval, drug discovery, formulation development, and lifecycle management ([footnoteRef:31]). The cost, time, and complexity of creating pharmaceutical products that are safe, effective, and stable keep rising despite tremendous advancements in science and technology ([footnoteRef:32]). AI has emerged as a crucial enabling technology to address many of these challenges in a methodical, predictive, and economical way, as the analysis of the chosen literature makes abundantly evident ([footnoteRef:33]). [31: ]  [32: ]  [33: ] 

 High Cost and Time Consumption in Drug Development:
The lengthy and expensive drug development process is one of the pharmaceutical industry's biggest problems ([footnoteRef:34]). Trial-and-error experimentation is a major component of traditional formulation development, necessitating extensive laboratory testing, animal studies, and clinical trials ([footnoteRef:35]). Every formulation modification, particularly in later phases, may necessitate regulatory resubmissions and bioequivalence studies, which would raise costs and postpone market entry ([footnoteRef:36]).  [34: ]  [35: ]  [36: ] 

Poor Drug Solubility and Bioavailability: 
Poor aqueous solubility is a common feature of recently discovered drug molecules, and it has a direct impact on bioavailability and therapeutic efficacy ([footnoteRef:37]). The target site frequently does not receive adequate drug concentrations from conventional dosage forms ([footnoteRef:38]). Solid dispersions, lipid-based drug delivery systems, and nano-formulations have all gained popularity as a result of this difficulty ([footnoteRef:39]). [37: ]  [38: ]  [39: ] 

Complexity of Pharmaceutical Formulations:
These days, pharmaceutical products are more than just basic concoctions of excipients and active ingredients ([footnoteRef:40]). Particle size, spatial distribution, and excipient interactions are examples of qualitative, quantitative, and structural characteristics that determine formulation performance instead ([footnoteRef:41]). [40: ]  [41: ] 

Data Limitations and Poor Data Quality:
A significant issue has been brought to light by the growing application of AI and machine learning in pharmaceutical development: the availability and quality of data ([footnoteRef:42]). The quality of the datasets used to train AI models determines their dependability ([footnoteRef:43]). Numerous pharmaceutical databases contain data produced using various protocols or standards and are unstructured, lacking, or inconsistent ([footnoteRef:44]). [42: ]  [43: ]  [44: ] 

Regulatory and Validation Challenges:
For pharmaceutical products, regulatory bodies demand transparency, reproducibility, and a solid scientific basis ([footnoteRef:45]). Although in silico modelling and AI-driven formulation design can greatly speed up development, regulatory validation of AI-based tools is still a significant obstacle ([footnoteRef:46]). [45: ]  [46: ] 

Role of Artificial Intelligence in Addressing These Challenges:
The reviewed literature continuously shows how AI transforms pharmaceutical development by moving away from empirical experimentation and towards data-driven, predictive decision-making ([footnoteRef:47]). [47: ] 

AI in Formulation Design and Optimization:
AI tools like deep learning models, random forests, support vector machines and artificial neural networks have demonstrated a remarkable capacity to model intricate relationships between formulation variables and product quality attributes ([footnoteRef:48]). These models are highly accurate in predicting the mechanical characteristics of dosage forms, drug release profiles, dissolution behaviour, and disintegration time ([footnoteRef:49]). [48: ]  [49: ] 

AI-Based Excipient Selection and Compatibility Prediction:
Once thought to be inert, excipients are essential for stability, bioavailability, and manufacturing ([footnoteRef:50]). AI models make it possible to quickly screen excipient libraries and predict degradation risks, polymorphic transitions, and drug–excipient compatibility ([footnoteRef:51]). [50: ]  [51: ] 

AI in Stability Prediction and Lifecycle Management:
Stability prediction is among the most significant uses of AI ([footnoteRef:52]). To forecast beyond-use dates and shelf life, AI driven platforms like Smart Formulation systems integrate molecular descriptors, formulation composition, packaging type, and environmental factors ([footnoteRef:53]). This method provides a workable substitute for long-term stability studies, especially for generic and compounded goods ([footnoteRef:54]). AI supports post-approval modifications, reformulation tactics, and product optimisation in lifecycle management ([footnoteRef:55]). This is particularly helpful in the development of generic drugs, where it is crucial to quickly adjust to changes in regulations and raw material variability ([footnoteRef:56]). [52: ]  [53: ]  [54: ]  [55: ]  [56: ] 

AI and Quality by Design Integration:
AI makes multivariate risk assessment and design space exploration possible, which significantly enhances QbD principles ([footnoteRef:57]). AI models facilitate the proactive identification of critical material attributes and critical process parameters by learning from experimental and historical data ([footnoteRef:58]).  [57: ]  [58: ] 

Limitations and Regulatory Considerations:
Notwithstanding its benefits, adopting AI is fraught with issues pertaining to regulatory acceptance, model interpretability, and data quality ([footnoteRef:59]). Since many AI models operate as "black boxes", it can be challenging to justify predictions in regulatory filings ([footnoteRef:60]). [59: ]  [60: ] 

AI Tool Application in Dosage Form Designs:
Because it has a direct impact on drug stability, bioavailability, therapeutic efficacy, and patient compliance, dosage form design is a crucial phase in pharmaceutical development ([footnoteRef:61]). Traditional formulation development is a time-consuming, costly, and resource-intensive process that primarily relies on empirical methods and repeated laboratory trials ([footnoteRef:62]). Traditional methods frequently fail to effectively optimise formulation variables due to the growing complexity of drug molecules and delivery systems ([footnoteRef:63]). A potent tool for overcoming these obstacles is artificial intelligence, which includes machine learning, deep learning and data-driven modelling approaches ([footnoteRef:64]). AI makes it possible to predict critical quality attributes, find hidden patterns, and analyse large and complex datasets quickly ([footnoteRef:65]). Consequently, pre-formulation studies, excipient selection, dosage form optimisation, quality prediction, and advanced drug delivery systems are all using AI more and more ([footnoteRef:66]). [61: ]  [62: ]  [63: ]  [64: ]  [65: ]  [66: ] 

Role of AI in Pre-Formulation Studies:
Understanding the physicochemical characteristics of API, such as their solubility, stability, polymorphism, and compatibility with excipients, is the goal of pre-formulation studies ([footnoteRef:67]). Drug solubility, hygroscopicity, and degradation tendencies can be accurately predicted by machine learning algorithms, various tools and models occurring in ML like random forest models, support vector machines and artificial neural networks ([footnoteRef:68]). These forecasts expedite decision-making in the early stages of formulation development and greatly minimise the need for extensive laboratory screening ([footnoteRef:69]). [67: ]  [68: ]  [69: ] 

AI-Based Excipient Selection and Optimization:
To find the best formulations, AI models can examine multivariate datasets that include excipient type, concentration, and physicochemical characteristics ([footnoteRef:70]). Research has demonstrated that when it comes to forecasting tablet characteristics like hardness and disintegration time, AI-based models perform better than traditional statistical techniques ([footnoteRef:71]). AI also makes it easier to find new polymeric excipients for targeted and controlled-release drug delivery systems, which promotes formulation innovation ([footnoteRef:72]). Dotmatics Platform are AI based tools that are enabled the formulation optimization. [70: 
]  [71: 
]  [72: 
] 

AI in Quality Prediction and Stability Studies:
Another significant use of AI in dosage form design is quality prediction. By offering scientifically supported predictions, these predictive tools support regulatory submissions and help shorten the time and expense of long-term stability studies during early development stages ([footnoteRef:73]). [73: 
] 

Role of AI in Drug Discovery and Development:
The high expense, protracted timelines, and high attrition rates typically associated with pharmaceutical research have been addressed by artificial intelligence, which has emerged as a game-changing technology in drug discovery and development ([footnoteRef:74]). From target identification to post-marketing surveillance, artificial intelligence improves efficiency at several stages of the drug development pipeline by combining machine learning, deep learning, neural networks, and data-driven modelling ([footnoteRef:75]). [74: ]  [75: ] 

Target Identification and Validation:
AI is essential for locating new biological targets linked to illnesses. Large-scale omics datasets, such as transcriptomics, proteomics, and genomics, can be analysed by machine learning algorithms to find genes and protein interactions linked to disease ([footnoteRef:76]). Researchers can validate targets more quickly than with traditional experimental methods thanks to sophisticated computational models that predict protein structure, function, and drug–target interactions ([footnoteRef:77]). Pattern recognition in intricate biological networks is made easier by AI driven bioinformatics tools, which also drastically cut down on the time needed to generate hypotheses and validate targets ([footnoteRef:78]). [76: ]  [77: ]  [78: ] 

Hit Identification and Virtual Screening:
AI speeds up hit identification in early drug discovery by using quantitative structure activity relationship modelling and virtual screening ([footnoteRef:79]). Conventional approaches to high-throughput screening are expensive and time-consuming. AI based virtual screening finds possible hits with good pharmacological qualities and high binding affinities by analysing millions of chemical compounds in silico using predictive algorithms ([footnoteRef:80]). The prediction of biological activity, toxicity, and pharmacokinetic characteristics is improved by machine learning techniques like support vector machines, artificial neural networks, and deep learning models ([footnoteRef:81]). These models improve the accuracy of active compound predictions by learning from past chemical and biological data. AI powered QSAR models optimise compound selection prior to laboratory synthesis by correlating molecular descriptors with biological activity ([footnoteRef:82]). [79: ]  [80: ]  [81: ]  [82: ] 

Drug Repurposing: 
AI has greatly improved methods for repurposing drugs. Artificial intelligence algorithms find novel therapeutic applications for approved medications by examining current clinical and molecular data ([footnoteRef:83]). In order to find hidden connections between medications and illnesses, machine learning models search through clinical trial databases, biomedical literature, and empirical data. Because the safety profiles of current medications are known, this method cuts down on development time and expense ([footnoteRef:84]). [83: ]  [84: 
] 


Comparing AI-generated to human-generated formulations:
Traditional formulation development procedures have changed as a result of the incorporation of artificial intelligence into pharmaceutics. Pharmaceutical formulations have traditionally been created using expert intuition, trial-and-error testing, and empirical knowledge ([footnoteRef:85]). But new research shows that AI, especially machine learning and generative models, can create, optimise, and even produce new formulations. There are significant variations in creativity, efficiency, reproducibility, scalability, and data dependency between formulations produced by AI and those created by humans ([footnoteRef:86]). [85: ]  [86: ] 

Traditional Human-Generated Formulations:
Iterative experimentation, previous literature, and domain expertise are all major components of human-generated formulations. Researchers manually optimise formulation parameters like critical material attributes, critical process parameters, and critical quality attributes in drug delivery systems and nanomedicine ([footnoteRef:87]). For instance, a number of interrelated factors, such as particle size, cholesterol content, drug hydrophobicity, release media composition, pH, and temperature, affect how drugs release in liposomal systems ([footnoteRef:88]). [87: ]  [88: ] 

AI-Generated Formulations:
AI-generated formulations predict or create new compositions by using machine learning algorithms that have been trained on massive datasets. By evaluating intricate relationships between APIs and excipients and forecasting stability, bioavailability, and efficacy, artificial intelligence improves formulation design ([footnoteRef:89]).  [89: ] 

Challenges and Future Perspectives:
Future advancements will probably use hybrid strategies that combine human expertise with AI-driven prediction. To fully utilise AI's potential, open-access, carefully curated databases for formulation and nanomedicine data must be established ([footnoteRef:90]). [90: ] 

Key Differences Between AI-Generated and Human-Generated:
The key difference between AI generated and Human Generated are about the Creativity, innovation, speed, efficiency, data dependency, reproducibility and standardization ([footnoteRef:91]). Main key difference between AI and Human generated formulation are about those formulations that are occurs according to new innovation, reproducibility, Creativity etc. [91: ] 

Optimization of Drug Delivery Systems using AI and ML:
The optimisation of drug delivery systems has changed dramatically as a result of the incorporation of artificial intelligence and machine learning into pharmaceutical sciences ([footnoteRef:92]). Drug delivery development has historically mainly relied on empirical trial-and-error techniques, which were expensive, time-consuming, and frequently ineffective. However, a methodical, data-driven approach that improves formulation accuracy, stability, bioavailability, and overall therapeutic effectiveness has been introduced by AI-driven predictive modelling and data analytics. While machine learning, a subset of artificial intelligence, allows systems to learn from data and enhance performance without explicit programming, artificial intelligence refers to computer systems that can mimic human intelligence ([footnoteRef:93]). These technologies examine vast and intricate datasets in pharmaceutics to find trends and connections between excipients, formulation parameters, and drug characteristics ([footnoteRef:94]). This ability has been especially helpful in improving drug delivery methods like transdermal systems, liposomes, nanoparticles, and controlled-release tablets ([footnoteRef:95]). Formulation design is one of the main uses of AI in drug delivery optimisation. Multiple formulation parameters, such as polymer concentration, particle size, pH, solubility, and excipient compatibility, can be evaluated concurrently by ML algorithms ([footnoteRef:96]). AI models are able to forecast the ideal compositions that guarantee increased stability, efficacy, and bioavailability by recognising nonlinear relationships between these variables ([footnoteRef:97]). This lessens the effort required for experiments and increases the likelihood of creating reliable formulations. Predicting drug stability is another important area where AI plays a big role. Safety, therapeutic efficacy, and shelf life are all directly impacted by stability. Degradation pathways under varied environmental conditions, including temperature, humidity, and light exposure, are simulated by AI models. ML algorithms can precisely forecast possible degradation products and stability problems in the early stages of development by examining physicochemical and environmental data ([footnoteRef:98]). This predictive ability guarantees improved product quality and reduces expensive reformulations. AI tools are used in preclinical development to mimic biological processes and forecast how drugs will behave in the body. Predictive modelling like this lessens reliance on animal testing and recurring lab experiments ([footnoteRef:99]). AI-powered simulations help save time and money by optimising dosage forms prior to clinical trials. Additionally, ML-based analytics increase the chance of clinical success by assisting in the early identification of possible toxicity or instability issues ([footnoteRef:100]). Different AI & Machine Learning tools for optimization of drug delivery are ANN, SVM & random forest models.  [92: 
]  [93: ]  [94: ]  [95: ]  [96: ]  [97: ]  [98: ]  [99: ]  [100: ] 

AI in Pre formulation Research:
Pharmaceutical development is based on pre-formulation research, which focuses on characterising active pharmaceutical ingredients prior to formulation into an appropriate dosage form ([footnoteRef:101]). Solubility, pKa, partition coefficient, polymorphism, stability, hygroscopicity, particle size, and drug–excipient compatibility Are among the physicochemical characteristics that are studied. Pre-formulation has historically relied on costly and time-consuming trial-and-error methods and extensive laboratory experimentation. Predictive modelling, data-driven decision-making, and expedited screening have all been made possible by the combination of artificial intelligence and machine learning, which has drastically changed this stage ([footnoteRef:102]). By forecasting drug characteristics and refining formulation parameters prior to experimental validation, artificial intelligence aids in the early stages of pharmaceutical development. In order to produce accurate predictions and reduce experimental failures, AI models examine sizable datasets that include environmental factors, excipient characteristics, degradation data, and molecular descriptors ([footnoteRef:103]). [101: ]  [102: ]  [103: ] 

AI in Physicochemical Property Prediction:
Poor aqueous solubility is a significant pre-formulation challenge, particularly for drugs classified as class II and IV by the Biopharmaceutics Classification System. Regression models, support vector machines, and artificial neural networks are examples of machine learning algorithms that can forecast solubility using physicochemical descriptors and molecular structure ([footnoteRef:104]). [104: ] 

Solid-State Characterization and Polymorphism:
Drug stability, dissolution rate, and bioavailability are all greatly impacted by polymorphism. Formulation failure may result from unexpected polymorphic transitions during development. AI-based models forecast potential solid-state transformations and polymorphic stability by analysing thermal and crystallographic data. Predictive modelling supports Quality by Design principles by assisting in the early identification of stable crystal forms, according to the review on AI in generic formulation development ([footnoteRef:105]). [105: ] 

Drug–Excipient Compatibility Studies:
Pre-formulation compatibility studies are crucial to prevent degradation, instability, or decreased therapeutic efficacy. Stress studies conducted under accelerated conditions are a component of traditional compatibility testing. However, by examining chemical structures and past compatibility data, AI models are able to forecast how APIs and excipients will interact ([footnoteRef:106]). [106: ] 

Stability and Degradation Prediction:
An additional crucial element of pre-formulation is stability assessment. Artificial intelligence algorithms examine the kinetics of degradation in various environmental settings, including exposure to light, humidity, and temperature. Using accelerated stability data, predictive models can model long-term stability behaviours ([footnoteRef:107]). [107: ] 

A.I. in the Controlled-Release Tablet Formulation:
Traditional formulation methods frequently involve trial-and-error testing, which can be time-consuming and resource-intensive. Artificial intelligence techniques such as machine learning, artificial neural networks, genetic algorithms, and fuzzy logic models were developed to circumvent these limitations ([footnoteRef:108]). [108: ] 

Designing Controlled-Release Tablets with Artificial Neural Networks:
Based on formulation and process features, ANN models are used to predict the drug release profile in controlled release tablet formulation. In one study, controlled-release dose forms were developed using ANN models and pharmacokinetic simulations ([footnoteRef:109]).  [109: ] 

Combining AI and Pharmacokinetic Modelling:
Pharmacokinetic modelling is crucial to the design of controlled release tablets because the therapeutic efficacy of a dose form depends on how the drug is absorbed, transported, metabolized, and eliminated in the body ([footnoteRef:110]). Using ANN models, researchers can simulate different formulation compositions and determine which combinations produce dissolution profiles that match intended pharmacokinetic goals. [110: ] 

Advantages of AI-Powered Controlled-Release Formulation: 
Using artificial intelligence to create controlled release tablets has a number of important advantages for pharmaceutical research and manufacturing. First, by improving prediction accuracy for drug release behaviour, AI systems enable more reliable design of sustained-release dosage forms. AI contributes to improved product quality and industrial efficiency. By predicting optimal formulation parameters and process conditions, AI solutions help reduce product performance variability and ensure consistent production results. These advantages are making AI a more valuable tool in the development of pharmaceutical products ([footnoteRef:111]).  [111: 
] 

Processing and Formulation Variable Optimization: 
One of AI's primary advantages in the creation of pharmaceutical formulations is its ability to continuously evaluate a number of formulation and processing factors. Controlled release tablets often contain complex combinations of active pharmaceutical ingredients, polymers, binders, fillers, and lubricants. Each component influences the stability and rate of release of the finished product ([footnoteRef:112]). AI techniques that can evaluate include genetic algorithms and neural networks the relative importance of these elements and select the optimal combinations ([footnoteRef:113]). [112: ]  [113: ] 

Use of AI Tools For Better Product Development:
Utilizing AI Tools to Improve Product Development:
AI has become a key technical improvement in many fields, including pharmaceuticals, manufacturing, and digital technology. It makes it much easier to make products. By using AI solutions, businesses can look at huge amounts of data, improve the efficiency of their designs, and cut the time and cost of developing new products. Machine learning, neural networks, genetic algorithms, and computer vision are all examples of artificial intelligence technologies that are important for making new products today because they help people make better decisions and be more creative ([footnoteRef:114]). [114: ] 

Product Development and Artificial Intelligence's Role:
In the past, people used their own experiences, experiments, and trial-and-error methods to develop new products. But these methods can take a lot of time and money. AI systems help get around these limits by looking at complicated datasets and finding patterns that people might miss ([footnoteRef:115]). For example, artificial neural networks can predict events and find connections in huge datasets without having to use pre-made mathematical models. This feature lets engineers and researchers quickly pick the best product configuration by comparing different design options ([footnoteRef:116]). [115: ]  [116: ] 

Data-driven development and intelligent manufacturing:
In modern manufacturing settings, sensors and monitoring systems create a lot of data. AI techniques are essential for the analysis of this vast quantity of organized and unstructured data. Machine learning algorithms can be used to optimize production processes in real time, find patterns, and predict how systems will behave ([footnoteRef:117]). For example, computer vision systems can watch over machines in factories and find problems like small cracks, machines that move in strange ways, or mistakes in production.  [117: ] 

Cost-Reduction and Digital Prototyping:
Another big benefit of AI tools is that they can help with digital prototyping. AI lets businesses test product ideas in a virtual environment before making real prototypes. During the early stages of development, developers can identify design issues by simulating the product's performance in various configurations ([footnoteRef:118]). [118: 
] 

AI for Predicting Clinical Outcomes in Dermatology:
AI for Dermatology Clinical Outcome Prediction:
These tools look at complex clinical, imaging, and biological datasets to figure out how well a patient will respond to therapy, how their illness will progress, and how happy they will be with their care. AI-driven predictive technologies can help dermatologists make better treatment plans, cut down on trial-and-error methods, and give each patient the care they need, since the way a disease shows up and how a person responds to treatment can be very different ([footnoteRef:119]). Recent studies show that AI is being used more and more to guess how well treatments will work for a number of skin problems, including psoriasis, skin cancer, and viral skin infections. Initial data indicates encouraging predictive accuracy and clinical applicability, notwithstanding the relatively limited research in this domain compared to diagnostic AI applications ([footnoteRef:120]). [119: ]  [120: ] 

Predicting Treatment Response and Disease Outcomes:
One of the most important uses of AI in dermatology is to predict how well treatments will work. Machine learning models can look at things like a patient's demographics, clinical parameters, disease severity scores, and treatment history to find patterns that can help them figure out whether a treatment will work or not.
Predicting Response in Viral Skin Diseases:
Traditional wart treatment methods often involve trying different treatments, such as cryotherapy or immunotherapy, until one works ([footnoteRef:121]). Developed a fuzzy logic-based predictive model to tackle this issue, utilizing data from 180 patients undergoing wart therapy. The model got an AUC of 0.902 because it was able to predict treatment outcomes with 80% accuracy for cryotherapy and 98% accuracy for immunotherapy. These models are very helpful in clinical practice because they give doctors clear rules for making decisions that are easy to understand. [121: ] 

Future Perspectives:
AI in dermatology is moving toward making integrated prediction platforms that use clinical data, imaging analysis, and patient-reported outcomes ([footnoteRef:122]). These tools could help dermatologists make the best choice, guess how the condition will get worse, and give better advice to patients. [122: ] 

AI Driven Microbiome and Prebiotics Modulation:
AI- Prebiotics Modulation with Prebiotics Modulation:
Machine learning and artificial intelligence have recently become powerful tools for research in dermatology and cosmetics, especially when it comes to changing the skin microbiome ([footnoteRef:123]). The skin microbiome, which is made up of many different types of microorganisms that live on human skin, is important for keeping the immune system in balance, keeping the skin barrier strong, and keeping the skin healthy in general. Dysbiosis, or an imbalance of microbes, is linked to acne, rosacea, dermatitis, and other inflammatory skin diseases. AI-driven methods are being used more and more to look at microbiome datasets, predict how microbes will interact with each other, and make targeted prebiotic formulations that improve skin health and restore microbial balance. [123: ] 

The Skin Microbiome's Function in Dermatological Health:
The skin microbiome is made up of a wide range of bacteria, fungi, and other microorganisms that live in specific areas on the skin's surface ([footnoteRef:124]). These bacteria help protect the skin by controlling immune responses and keeping harmful organisms from settling on the epidermal barrier. Changes in the microbial composition, on the other hand, could make these protective roles less effective.  [124: ] 

AI-Powered Methods for Microbiome Studies:
AI technology has made it much easier to look at huge microbiome datasets. Machine learning algorithms can find patterns in microbial communities and predict how certain substances will change the microbiome's makeup. Traditional experimental techniques for investigating microbial interactions are time-consuming and inadequate for analysing complex data ([footnoteRef:125]). AI, on the other hand, makes it possible to do high-throughput analysis and predictive modelling, which makes it easier to find new chemicals that change the microbiome. [125: ] 

Outcomes and Benefits of AI-Driven Microbiome Modulation:
AI-driven microbiome manipulation has a lot of benefits for skin care and beauty products. These include making products work better, finding ingredients faster, and being able to make skincare products that are unique to each person's microbiome profile ([footnoteRef:126]). [126: ] 

AI Applications in Preservatives Development:
AI Uses in the Development of Preservatives:
Preservatives are important parts of cosmetic products because they keep them from getting contaminated by bacteria and make sure, they stay stable while they are being stored and used ([footnoteRef:127]). However, there is a big need for safer alternatives because more people are learning about the health risks of some preservatives, like parabens, formaldehyde-releasing agents, and isothiazolin4ones. AI-driven predictive models are now being used to speed up the making of preservatives by looking at huge databases of chemicals and toxins ([footnoteRef:128]). This helps scientists find new antimicrobial compounds and better judge their safety. [127: ]  [128: ] 

Preservatives' Function in Cosmetic Formulations:
Preservatives are necessary to keep cosmetics safe from bacteria and extend their shelf life. Preservatives protect against contamination by bacteria, fungi, and yeast ([footnoteRef:129]). This is important because cosmetics often have water and organic materials that help microbes grow. Without good preservation methods, cosmetic products can go bad quickly, which is bad for users' health. Traditionally, preservatives have been found through trial-and-error and experimental screening. To assess the antibacterial activity, stability, and toxicity of these procedures, substantial laboratory testing is necessary ([footnoteRef:130]). These methods are costly, time-consuming, and often necessitate animal testing to evaluate safety. The use of AI technologies makes it possible to predict preservation qualities in silico before they are confirmed in experiments, which is a better option. One of the most important things about a preservative is that it kills bacteria. AI systems can use information about microbial inhibition to figure out the minimum inhibitory concentration needed to stop microbial growth. Researchers can determine the effectiveness of preservation chemicals without engaging in extensive microbiological studies by computationally predicting Minimum Inhibitory Concentration values ([footnoteRef:131]). Also, machine learning can help formulators find combinations of preservatives that work well together, so they can use lower amounts of each compound and still get good antibacterial protection ([footnoteRef:132]). This method makes the formulation safer while also lowering the risk of irritation or allergic reactions. [129: ]  [130: ]  [131: ]  [132: ] 

AI applications in surfactants designs:
Applications of AI in Surfactant Design:
Surfactants are an important part of many personal care and cosmetic products, like shampoos, cleansers, creams, and emulsions ([footnoteRef:133]). Because their molecules are amphiphilic, they can make foam, stabilize emulsions, dissolve hydrophobic substances, and lower surface tension. Surfactants are very important for determining the texture, sensory qualities, and cleaning power of cosmetic compositions because they play these important roles. But traditional methods for developing surfactants rely heavily on time-consuming and resource-intensive empirical experiments and trial-and-error methods ([footnoteRef:134]). The use of AI technologies has greatly improved this process by making it easier to do virtual screening, predictive modelling and find new surfactant molecules. [133: ]  [134: 
] 

Surfactants' Function in Cosmetic Formulations:
Surfactants are molecules that have both hydrophilic and hydrophobic parts. They are needed for processes like emulsification, detergency, wetting, and foaming because they can work with both water and oils. Surfactants are used in cosmetics to clean hair and skin, spread active ingredients, and make the product more appealing to the senses ([footnoteRef:135]). [135: ] 

Using Generative AI to Create New Surfactant Compounds:
Generative machine learning algorithms can explore chemical spaces and suggest molecular structures with useful properties. Two well-known methods in this field are variational autoencoders and generative adversarial networks. These generative models learn patterns from large databases of current surfactants and then use that knowledge to make new chemical structures that meet certain requirements ([footnoteRef:136]). The AI model quickly finds new surfactants by making candidate molecules that meet these needs. [136: ] 

AI-Powered Cleaning Formulation Optimization:
One important use of AI in making surfactants is to make cleaning formulations work better. Surfactant systems often have complicated mixes of different parts that don't interact in a straight line. These interactions can have a big effect on the final qualities of cosmetic products, like how well they clean, how they feel on the skin, and how thick the foam is ([footnoteRef:137]). [137: ] 

AI in Cosmetic Formulation:
AI in the Formulation of Cosmetics:
Artificial intelligence and machine learning are changing the field of cosmetic science for the better by making it easier to make safer, more efficient, and highly personalized products. Cosmetic formulation has always depended on empirical experimentation and repeated trial-and-error testing to find the right combinations of ingredients ([footnoteRef:138]). But thanks to advances in AI technologies, scientists can now more accurately and effectively predict formulation results by looking at huge amounts of chemical, biological, and sensory data. These breakthroughs are changing how cosmetics are researched and developed by making safety evaluations better, speeding up the discovery of new components, and making products work better. [138: ] 

AI's Place in the Development of Cosmetic Products:
To make cosmetics, you have to carefully choose and mix chemicals like surfactants, polymers, perfumes, preservatives, antioxidants, and prebiotics ([footnoteRef:139]). Each part has an effect on performance, texture, stability, and safety. Before testing in a lab, researchers can use AI-based predictive modelling methods to guess how these chemicals will work and how they will interact with each other. This feature makes formulations more accurate and cuts the time and cost of product development by a huge amount. [139: ] 

AI in the Design and Optimization of Ingredients:
One of the best things about AI for making cosmetics is that it can help with the design and optimization of individual chemicals. AI models can predict important surfactant properties, such as essential micelle concentration, hydrophilic–lipophilic balance, toxicity, and biodegradability ([footnoteRef:140]). Quantitative structure–activity relationship models use machine learning to look at molecular structures and guess how well they will work.  [140: ] 

Customized Cosmetic Development:
AI is also used in the cosmetics industry to make personalized skincare products. More and more, people want products that are made just for their skin type, lifestyle, and the environment they live in ([footnoteRef:141]). AI systems look at data like pictures of your skin, genetic information, microbiome profiles, and lifestyle factors to suggest personalized cosmetic formulations. [141: ] 

Artificial intelligence and its applications:
Applications of Artificial Intelligence:
Artificial intelligence is a game-changing tool in modern science, especially in medical and pharmaceutical research. It lets machines act like people by letting them think, learn, and make decisions. Artificial intelligence, along with its subfields machine learning and deep learning, are necessary for analysing complicated datasets and finding hidden patterns that are hard to find with traditional methods ([footnoteRef:142]). [142: ] 

AI's Use in Drug Discovery:
One of the most important things AI can do is help make new drugs. AI has changed the way drugs are discovered in the early stages by making it easier to find leads, identify targets, and improve processes ([footnoteRef:143]). AI can save time and money by finding potential drug targets and simulating how molecules and targets interact by looking at biological datasets. AI-based methods like Quantitative Structure–Activity Relationship modelling link chemical structures and biological activity. These models significantly decrease the number of candidates required for in vivo research by facilitating the prediction of a compound's toxicity and efficacy before experimental evaluation ([footnoteRef:144]). [143: ]  [144: ] 

Drug Repurposing and De Novo Design:
AI methods have made a big difference in de novo drug design, which is the process of making new compounds with the biological properties you want. To make new chemical structures, advanced neural network topologies like Variational Autoencoders, Recurrent Neural Networks, and Adversarial Autoencoders are used. AI also helps repurpose drugs by finding new ways to use already-approved ones to treat different conditions. AI models can cut down on the time and money needed for traditional drug development by using genetic, phenotypic, and chemical data to find new uses for drugs ([footnoteRef:145]). [145: ] 

AI in the Development of Formulations:
Traditional formulation development is often tedious and dependent on trial-and-error techniques. Artificial intelligence is a better alternative because it can predict how active pharmaceutical ingredients and excipients will interact with each other. AI-based models can help improve formulation factors like stability, solubility, and drug release profiles ([footnoteRef:146]). [146: ] 

DoE Software Integration with AL/ML:
The integration of Design of Experiments with Artificial Intelligence and Machine Learning has markedly advanced pharmaceutical research, particularly in formulation development and process optimization ([footnoteRef:147]). DoE has been used in the past to carefully look at how different formulation variables and responses are related to each other.  [147: ] 

Evolution from Conventional DoE to AI-Driven Systems:
DoE is a statistical method that helps find important process parameters and improve formulations by looking at the correlations between factors and responses. Even though traditional DoE methods work well, they have trouble with high-dimensional datasets and nonlinear variable connections ([footnoteRef:148]). AI and ML get around these problems by looking at complicated datasets without needing to make any assumptions about how the data is spread out. [148: ] 

Integration of DoE Software with AI/ML Platforms:
Modern DoE software platforms like Minitab, JMP and Citrine Informatics now have AI/ML features. These tools let researchers make predictive models, run experiments, and improve formulations with little effort ([footnoteRef:149]). The integration lets are the experiments of design automated, more data analysis advancement, Real time prediction and optimization and also time less and less money spend on the experiments. [149: ] 

Virtual Experimentation and Predictive Design Space:
AI integration makes it possible to create predictive design spaces, where the properties of formulations or processes can be guessed before real experiments are done ([footnoteRef:150]). Supervised machine learning models are often used to predict things like solubility, permeability, stability. [150: ] 

Pharmaceutical Formulation Applications: 
There are many ways that AI and DoE can be used together in the pharmaceutical sciences, including the making drugs work better, prediction of drug loading in carriers, Predictive modelling and optimization, study stabilization and the advanced drug delivery systems.
Some AI powered predictive formulation tools for early formulation designing:
Pharmaceutical development has been profoundly changed by the incorporation of Artificial Intelligence and Machine Learning into early-stage formulation design. Conventional formulation techniques mostly rely on trial-and-error experimentation, which is labour-intensive, resource-intensive, and frequently ineffective ([footnoteRef:151]). [151: ] 

AI's Function in Early Formulation Design:
The examination of intricate interactions between formulation components, physicochemical qualities, and processing factors is made possible by AI-based predictive modelling. Usually, datasets with data on medication composition, excipient properties, molecular descriptors, and formulation conditions are used to train these technologies ([footnoteRef:152]). AI models can forecast important characteristics including solubility, dissolution rate, stability, permeability and ADMET behaviour by using supervised learning approaches. [152: ] 

Formulation AI Platform
One of the most prominent AI-powered tools for early formulation design is Formulation AI, a web-based platform designed for in silico formulation development ([footnoteRef:153]). This platform hosts multiple servers capable of predicting and designing various dosage forms, including the nanocrystals, liposomes, solid dispersions and the self-emulsifying drug delivery systems. [153: ] 

AI Tools for Nanocarrier Selection and Drug Loading:
Predictive tools driven by AI are also essential for choosing appropriate nanocarriers and optimizing medication loading. These models enable researchers to choose the best carrier and formulation approach by predicting how a novel medicinal molecule would behave in a particular delivery system ([footnoteRef:154]). This method decreases trial-and-error experimentation and increases formulation efficiency. [154: ] 

Combining Molecular Docking and Simulations:
AI-powered prediction tools are being used more and more with molecular docking and molecular dynamics simulations.
AI for Dermatology Clinical Outcome Prediction:
In dermatology, artificial intelligence has demonstrated great promise for improving diagnostic accuracy, facilitating customized treatment regimens, and predicting clinical outcomes ([footnoteRef:155]). Recent research indicates that by analysing large datasets gathered from dermatological images, patient records, and genomic data, machine learning, deep learning, and predictive modelling techniques can estimate disease development, treatment response, and potential side effects. [155: ] 

The Role of AI in Clinical Outcome Prediction:
Artificial intelligence has emerged as a revolutionary tool in dermatology that enhances patient care and enables more accurate clinical outcome prediction. AI systems use advanced computational techniques like machine learning, deep learning, and predictive analytics to process vast volumes of dermatological data ([footnoteRef:156]). [156: ] 

Precise Forecasting and Diagnosis Through Images:
The most significant applications of AI in dermatology are the analysis of skin images for diagnosis and outcome prediction. Dermatology is a visually oriented profession, so making clinical decisions often depends on accurately interpreting skin lesions. A kind of deep learning technique called convolutional neural networks can examine dermoscopic and clinical images to find subtle morphological characteristics associated with a range of skin conditions. 
Customized Methods for Dermatological Treatment:
Another noteworthy finding from the examined studies is the ability of AI systems to support customized dermatological care. Personalized medicine aims to modify treatment regimens according to each patient's distinct characteristics. AI models integrate data from multiple sources, including genetic information, environmental exposure, lifestyle traits, and medical history, to predict distinct treatment responses ([footnoteRef:157]).  [157: ] 

Safety and Tolerability Estimation:
Another significant application of AI is forecasting the safety and tolerability of dermatological and cosmetic procedures. Computational models can replicate biological reactions to chemicals and identify potential risks before clinical testing. 
A.I in Formulation of Immediate-release tablets:
AI's Place in the Development of Immediate-Release Tablets:
Artificial intelligence has become an increasingly important tool in pharmaceutical formulation development, especially in the design and optimization of solid dosage forms such as immediate-release tablets. Immediate-release tablets active pharmaceutical ingredient is rapidly released after consumption, promoting quick drug absorption and therapeutic action ([footnoteRef:158]).  [158: ] 

Artificial Neural Networks for Immediate-Release Tablets: 
One of the most popular AI techniques for developing pharmaceutical formulations is the use of artificial neural networks. ANNs are composed of connected nodes that process data and are made to mimic the composition and function of the human brain, and they learn from experimental datasets ([footnoteRef:159]). These models are able to find hidden correlations between different formulation factors and predict product attributes with high accuracy.  [159: ] 

Optimization Using Genetic Algorithms and Hybrid AI Models:
In addition to neural networks, genetic algorithms are often used for optimization in pharmaceutical formulation development. Genetic algorithms are computational techniques influenced by biological evolution. They use strategies like crossover, mutation, and selection to find the best solutions to difficult problems. Immediate-release tablets have improved formulation factors through the use of neural networks and genetic algorithms ([footnoteRef:160]). For example, experimental data from pill formulations were analysed using a hybrid ANN genetic algorithm model. This combined approach determined the optimal combinations that produced the desired tablet qualities by evaluating the importance of different formulation ingredients and processing factors. [160: ] 

Ontology-Based Expert Systems for Immediate-Release Tablets: 
Another AI-based technique used in the creation of immediate-release tablets is ontology-based expert systems. By storing structured knowledge about pharmaceutical ingredients, manufacturing processes, and formulation techniques, these systems enable automated decision-making during formulation creation ([footnoteRef:161]). One such system is the Ontology-based Expert System for Pharmaceutical Immediate-Release Tablet Production, which was developed to assist pharmacists in creating generic immediate-release tablets in a lab setting.  [161: ] 

A.I in Product Development:
Overview of Artificial Intelligence in Product Development: 
Pharmaceutical development often involves numerous steps, including drug discovery, formulation development, manufacturing process optimization, and quality control. AI technologies are now powerful tools that can analyse complex datasets and find relationships between product attributes and formulation factors. Before conducting experimental testing, researchers can predict product performance and simulate formulation behaviour using fuzzy logic techniques, genetic algorithms, artificial neural networks, and machine learning algorithms ([footnoteRef:162]). By using these tools, researchers can improve formulation design decision-making and streamline product development procedures. [162: ] 


AI Uses in the Development of Cosmetic and Dermo cosmetic Products:
Machine learning algorithms are increasingly being used to predict product performance and analyse how cosmetic chemicals interact. Texture, stability, rheological behaviour, and shelf life are important formulation characteristics that may anticipated by these models. AI-driven predictive modelling reduces the need for traditional trial-and-error experimentation, allowing researchers to develop safer and more effective cosmetic formulas ([footnoteRef:163]).  [163: ] 

Hybrid AI Models for Optimal Formulation: 
Several pharmaceutical applications use hybrid AI models, which combine multiple approaches, to improve prediction accuracy. For example, neural networks can be combined with fuzzy logic systems or evolutionary algorithms to create more powerful optimization models. Fuzzy logic is one computer technique that can handle ambiguity and erroneous data. In the pharmaceutical product development industry, fuzzy logic systems help researchers analyse complex data and make decisions about formulation optimization ([footnoteRef:164]). Neural networks and fuzzy logic combine to give complex formulation systems greater flexibility and improved prediction capabilities, [164: ] 

Developing Drug Delivery Systems using AI Applications:
Artificial intelligence has also played a major role in advanced medication delivery methods. These systems aim to improve the therapeutic efficacy of drugs by controlling the rate and location of drug release in the body. AI models can simulate complex drug delivery procedures and predict formulation behaviour under a variety of conditions. 
A.I. in the Development of Hard Gelatin Capsule Shell Formation:
Overview of the Formulation of Hard Gelatin Capsules:
A powerful tool for improving formulation development processes is artificial intelligence. Artificial neural networks, expert systems, fuzzy logic models, and hybrid computational systems are examples of AI techniques that evaluate complex formulation datasets and predict drug performance. These predictive algorithms allow pharmaceutical experts to create ideal capsule formulations faster and with fewer experimental trials. AI systems have the ability to process large experimental datasets and identify relationships between formulation factors and product attributes. This characteristic makes AI very useful for developing formulations for hard gelatin capsules, where a variety of factors influence the capsule's performance and drug release ([footnoteRef:165]). [165: ] 

Artificial Neural Networks in the Development of Capsule Shell Formulation: Artificial neural networks are one of the most widely used AI techniques in pharmaceutical formulation research. Artificial neural networks are computational models that use experimental data to find patterns, drawing inspiration from biological neural networks. ANN models have been used to convert experimental data into information that formulation scientists can use to create formulations for hard gelatin capsules ([footnoteRef:166]). The models can assess the results of previous experiments and generate suggestions for the development of new formulations. This eliminates the need for extensive laboratory testing and allows researchers to predict the characteristics of possible capsule formulations. [166: ] 

Expert Systems for Hard Gelatin Capsule Formulation:
Expert systems are another essential AI method used in the development of pharmaceutical formulations. These systems mimic the decision-making skills of human experts by evaluating complex problems using stored data and logical principles.One well-known example of an expert system used in the creation of capsule formulations is the Capsugel expert system, which was developed as a centralized platform for producing powder formulations in hard gelatin capsules ([footnoteRef:167]). By merging formulation knowledge with experimental data, this technology generates recommended capsule formulations. [167: ] 

AI in the Selection and Optimization of Excipients:
AI plays an important role in the selection and optimization process of the excipients. And AI also helps to transforms excipient selection from a trial-and-error process into the data driven prediction model. 
Overview of Optimizing Excipients using AI: 
Excipients are crucial components of pharmaceutical formulations that have an impact on medication stability, bioavailability, manufacturability, and patient acceptance ([footnoteRef:168]). Empirical data and laborious, occasionally fruitless trial-and-error testing have always been the foundation for excipient selection. AI technologies, which facilitate data-driven decision-making and predictive modelling, have significantly improved this process. [168: ] 

AI's Role in Excipient Selection: 
AI is crucial for choosing the right excipients based on the physicochemical properties of APIs. Machine learning algorithms are used to analyse large datasets containing information on excipient properties, compatibility, and performance outcomes. Possible incompatibilities between APIs and excipients could be predicted by these models, which is essential to avoid formulation instability or reduced efficacy. By evaluating variables like solubility, hygroscopicity, and chemical reactivity, AI technologies assist in selecting excipients that increase drug efficacy and stability ([footnoteRef:169]). AI-based systems can also recommend excipients based on desired formulation properties such as targeted distribution, controlled release, or instant release. Consequently, there is less need for manual screening and more formulation efficiency. [169: ] 

Increasing the Concentration of Excipient:
In addition to selection, AI is highly effective at optimizing excipient concentrations. ANNs and genetic algorithms can be used to model these nonlinear interactions and predict the optimal excipient concentrations to produce the desired product properties, such as stability, hardness, friability, and dissolution rate ([footnoteRef:170]). For example, studies have shown that ANN models outperform conventional regression methods when predicting tablet properties based on various excipient concentrations. By allowing formulators to achieve optimal performance with few experimental attempts, this feature saves time and money. [170: ] 

Optimizing Formulation Design with Multiple Objectives: 
One of AI's key advantages in excipient optimization is its ability to optimize multiple objectives. Pharmaceutical formulations must meet multiple requirements simultaneously, such as mechanical strength, fast disintegration, and controlled drug release ([footnoteRef:171]). [171: ] 

Conclusion: 
In conclusion, using artificial intelligence in drug formulation and delivery is a big step forward from the old trial-and-error methods to a more effective, data-driven system. The paper talks about how AI technologies like neural networks, machine learning, and deep learning have made many parts of drug development much better, from pre-formulation studies to making the final product better. AI lets you quickly look at complicated datasets, which lets you accurately guess important quality traits like stability, solubility, bioavailability, and drug release profiles. AI has also helped the pharmaceutical industry solve big problems like high development costs, long timelines, and complicated formulations. You don't have to do as many experiments in the lab because it can pick the best excipients, guess how drugs and excipients will interact, and simulate stability conditions. This not only speeds up development, but it also makes formulations easier to reproduce and more reliable. When you compare AI-generated and human-generated formulations, you can see that AI is better at speed, scalability, and accuracy. However, it also shows that human expertise is still very important. Data quality, regulatory acceptance, and model interpretability are still very important things to think about before it can be used widely, even though it has a lot of potential. But AI isn't just for drugs. It can also be used to make cosmetics, change the microbiome, and predict clinical outcomes, showing how useful and broad it is. The future of drug development will likely rely on a combination of human expertise and AI-generated insights. AI is going to change the field of pharmaceutical sciences by making things run more smoothly, cutting costs, and making it possible to make safer, more effective, and more personalised treatments. This will make healthcare better all over the world.
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