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1. Introduction 

This essay examines the role of AI-driven decision support systems in optimizing U.S. 

pharmaceutical manufacturing operations. The pharmaceutical industry faces various 

challenges in maintaining operational efficiencies while meeting regulatory compliance and 

quality standards. Companies are seeking intelligent systems solutions to improve 

manufacturing processes, reduce costs, and achieve optimal decisions. Decision support 

systems (DSS) can analyze data, assist manufacturers, and provide optimal solutions in real-

time. Advances in artificial intelligence (AI) enable automated systems to learn and create 

optimal outcomes for companies. Various types of AI-driven DSS, such as optimization 

models, expert systems, and simulation-based models, are being developed for 

pharmaceutical manufacturing operations. AI techniques like genetic algorithms and neural 

networks can improve production scheduling, inventory management, supply chain 

operations, facility layout design, and system control in the pharmaceutical industry. These 

systems can be employed to explore numerous variables and determine acceptable operating 

ranges for pharmaceutical manufacturing, leading to increased productivity, reduced 

operational costs, enhanced compliance, and improved product quality. 

The objective of this essay is to investigate the role of AI in decision support systems for 

optimizing pharmaceutical manufacturing operations. The U.S. pharmaceutical industry is 

notably significant, and there are independent operations approaches processes for APIs and 

NCE design. In this essay, discussions are made on the pharmaceutical industry landscape, 

process descriptions, and key variables that represent operation characteristics. AI-driven DSS 

types that are emerging approaches for pharmaceutical manufacturing operations 

optimizations. 

1.1. Background and Significance of Pharmaceutical Manufacturing Operations 
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The pharmaceutical industry is vital for public health and the economy. Biologics, small 

molecules, and cell and gene therapies make up a multi-billion dollar market. However, the 

design and manufacture of these medicines is often time-consuming and difficult, requiring 

access to expensive drugs, capital equipment, and facilities. It typically takes over a decade 

and billions in funding for a treatment to go from discovery to market, with over 80% of 

investigational therapies failing along the way [1]. The industry has made significant 

advances in understanding biology and designing medicines, but how to make them 

efficiently and reproducibly is still often a “black box.” As biology has transitioned from pure 

discovery to quantitative methods supported by engineering practices, machine learning 

(ML) approaches have emerged to help analyze and improve pharmaceutical manufacturing 

processes, especially in bioprocessing [2]. However, there have been challenges associated 

with ML application, such as a lack of well-curated historical datasets and a critical shortage 

of the right technical talent. While the technology is quickly maturing, ML implementations 

in this domain are still relatively young. By providing access to key datasets, educational 

resources, and industry experts, converging technology trends could enable a community of 

data-to-decision scientists to develop, deploy, and validate ML applications. Nurturing 

introductory waves of simple and robust ML models could further unlock use cases in 

laboratory automation, R&D, and commercial settings. 

2. Foundations of AI in Pharmaceutical Manufacturing 

This section explores the foundational aspects of AI in pharmaceutical manufacturing, with 

an emphasis on providing an understanding of AI and machine learning technologies. 

Applications of these technologies in healthcare decision-making have gained prominence, 

owing to their disruptive ability to reshape operations, development, and research. AI-based 

software and platforms are being explored for parsing healthcare information, clinical 

documents, and drug discovery, with applications in genomics and cell population analysis. 

Applications of AI technologies in drug interaction studies, imaging systems, and therapeutic 

development are paving the way for personalized medicine. AI-driven drug exploration and 

electrophysiological waveform methodologies facilitate intelligent analysis of extremely high-

dimensional datasets collected from electrophysiological screenings. Addressing 

inefficiencies in preclinical screening, the AI-driven computational screens enable the 

modelling of drug exposure effects on various cardiovascular disease parameters. 
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Equipped with an industry-agnostic understanding of AI and machine learning technologies, 

the subsequent discussions focus on decision support systems, along with the application of 

the technology in the pharmaceutical industry. AI-based models and systems process raw 

data from the manufacturing process and aid human decision-makers by synthesizing 

informative actionable insights. AI-driven digital twins equipped with predictive graphics, 

neural networks, and optimization algorithms serve as decision support systems at 

manufacturing, plant, and supervisory levels [1]. The models assist process engineers, 

operations managers, and supply chain directors in navigating complex and ever-changing 

challenges. Moreover, data sources and AI technologies employed for the development of 

decision support systems serve at different facilities. AI-driven data analytics techniques 

provide earlier and specific insight into the manufacturing processes when applied on the 

material and process levels, manipulating raw process data to quickly identify and predict 

undesirable events [2]. 

2.1. Overview of AI and Machine Learning Technologies 

The process of pharmaceutical manufacturing involves diverse sequential operations, which 

are often interconnected but not necessarily continuous. Products are transferred from one 

operation to another, undergoing requisite transformations at each stage. These operations 

are designed to ensure product quality and safety as mandated in pharmaceutical regulations, 

while also containing operational costs. Within this context, a need exists for decision support 

systems that can optimally design pharmaceutical manufacturing operations while assuring 

product quality. Historically, there has been an emphasis on the development of descriptive 

models of operations, particularly in earlier manufacturing contexts. The availability of real-

time historical and contextual data from operations in recent decades has provided impetus 

for the development of decision support systems that can complement descriptive models 

with prescriptive approaches based on technologies such as AI and ML. 

The relevance of emerging AI/ML technologies is examined in this respect, along with related 

decision support systems currently being developed. Building on this foundation, an AI-

driven decision support system framework is proposed for the pharmaceutical manufacturing 

context, which distributes a portfolio of optimization tasks among a hierarchy of agents of 

descending complexity. In this framework, contexts in which design decisions involve high 

levels of operational complexity are addressed by deploying complex agents based on AI and 
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ML. These agents use a portfolio of readily available AI and ML technologies to learn tacit 

knowledge of operational behavior from data, which can then be utilized to support design 

decisions. 

3. Decision Support Systems in Pharmaceutical Manufacturing 

Decision support systems (DSS) are an integral part of many manufacturing companies today, 

especially in the health and pharmaceutical domains. A DSS is an interactive computer-based 

system designed to aid decision makers in utilizing data and models for decision-making. 

These systems enhance traditional information access and retrieval functions with support for 

model building and model-based reasoning [3]. A DSS consists of a combination of tools that 

work together to help decision makers complete the desired operations of the decision 

process. Most DSSs share the same basic architecture consisting of a tool subsystem, a data 

subsystem, and a user interface subsystem. 

Three main types of DSS can be considered in pharmaceutical manufacturing: factory 

modeling and simulation, production planning and scheduling, and performance evaluation. 

The use of DSS consists of enabling production facilities to be designed, analyzed, and 

optimized before actual fabrication of the plant, when changes in design are still less costly. 

This system helps enhance operational efficiencies, effectiveness, and decision arrangements 

whilst reducing operational faults within the pharmaceutical manufacturing cycle. The 

application of AI apps is to offer a wide range of applications that use a wide range of AI 

techniques including knowledge-based systems, expert systems, case-based reasoning 

systems, artificial neural networks, agent-based systems, and fuzzy logic systems. AI is a 

powerful tool that can assist human operators in the decision-making process by optimizing 

complex mathematical models, predicting unknown/hidden results, or promoting optimal 

databases [4]. 

3.1. Types of Decision Support Systems 

In the pharmaceutical manufacturing domain, there are several types of decision support 

systems. Each type serves a distinct purpose and is designed to address specific challenges in 

decision-making. These types include: 

1. Data Management Systems: Data management systems are used to collect, store, and 

manage data from raw material suppliers and external manufacturing companies. The 
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collected information helps procurement specialists to analyze the entire supply chain [3]. In 

addition, research indicates that artificial intelligence can be employed to make decisions 

about various supplier companies and then digitally transmit them to experts in production 

planning and scheduling. 

2. Decision Alerts Systems: Alerts regarding raw material suppliers are generated based on 

set performance standards. It helps check whether the suppliers have maintained the 

standards in order execution. These alerts are also generated when suppliers having a high 

risk of supply chain disruption. 

3. Decision Optimization Systems: The procurement specialists are provided with a decision 

optimization model, that helps them check raw material suppliers and automatically select 

from them regarding bulk quantity order. This system takes as an input the entire supply 

chain along with procurement specialists set limitations, challenges, and conditions. The 

phenomena of fuzzy algebra and weighted sum are utilized in this model. 

4. Visualization Systems: The supply chain and their features are visualized into graphical 

formats or visual depictions, so that the procurement specialists can understand the 

architecture quickly, reliably, and easily. Visual formats are more plausible for analyzing 

unstructured supply chain information, as it helps indicate patterns and developments, even 

when they are straightforward to be neglected [5]. 

4. Challenges and Opportunities in U.S. Pharmaceutical Manufacturing 

To compete successfully globally, the U.S. pharmaceutical manufacturing industry must focus 

on improving production efficiencies while ensuring that product quality and reliability are 

maintained. Moreover, there is an urgent industry need to find and use effective decision 

support solutions and methodologies that can help data-driven prioritization and selection of 

both long-and short-term improvement opportunities on manufacturing operations [1]. Most 

common decision uncovering methodologies in the pharmaceutical industry are based on in-

process and finished product control (e.g. statistical process control charts and equivalence 

tests on sample means), the use of decision trees, and cost-benefit analysis. These 

methodologies use historical data and do not include data-driven modeling of dependencies 

between the different observable variables. As a consequence, there is often little insight given 

https://scienceacadpress.com/
https://scienceacadpress.com/index.php/jaasd


Journal of AI-Assisted Scientific Discovery  
By Science Academic Press, USA  234 
 

 
Journal of AI-Assisted Scientific Discovery  

Volume 4 Issue 2 
Semi Annual Edition | July - Dec, 2024 

This work is licensed under CC BY-NC-SA 4.0. 

on what is actually the cause of a detected problem and what alternative actions are at hand 

to remedy its underlying cause. 

Other challenges in the pharmaceutical manufacturing industry include; a tight regulatory 

environment due to the severe consequences of process deviations or product recalls, high 

potential for costly shutdowns during production, a highly complex production involving 

multipurpose equipment and a great number of raw materials, intermediates and products, 

and very high investment for manufacturing facilities further complicated by long lead-times 

[6]. Thus, capitalizing on these opportunities through the incorporation of process systems 

engineering methodologies, particularly artificial intelligence-driven decision support 

systems (DSS), into operational processes is highly warranted. Meanwhile, regulatory 

consideration for the development, verification, and validation of software solutions for 

operational processes in the pharmaceutical industry has to be taken into account and should 

influence the design of such AI-driven DSS. 

4.1. Regulatory Compliance and Quality Assurance 

One of the most critical factors in the U.S. pharmaceutical manufacturing sector is regulatory 

compliance. The U.S. Food and Drug Administration (FDA) continuously enforces regulations 

and requisite controls for all drugs sent to market and those kept there. This compliance 

requirement leads to the need for data to oversee molecular designs and drug effects, a 

massive task that commonly employs multiple databases. The U.S. drug manufacturing sector 

spends around a third of its revenue on regulatory compliance [1]. 

Another critical factor is quality assurance, which incorporates Quality by Design (QbD) 

practices. QbD enables the understanding of how the design, materials, and operations at a 

manufacturing plant impact the quality of the produced drug product. Target Product Profiles 

(TPPs) quantifying the desired characteristics of drug products must be set, followed by 

building understanding and control space through computer-aided modeling, simulation, 

and data analysis. Quality Control (QC) tries to ensure that the produced drug products meet 

specifications, often chemometric-looking estimates of meaningful quality attributes from 

spectra or images. Regulated markets must assure that these commonly multivariate 

processes kept to ten-to-thirty-minute timescales rarely drift off, so periods of poor quality 

production are haywired with alarms [6]. It is hence common to employ several well-knitted 

models across these phantoms of the pharmaceutical manufacturing process, leaving the 
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missing tasks of process surveillance and historic data decision-making into unbounded 

pockets of disorders. 

5. Applications of AI-Driven Decision Support Systems in Pharmaceutical Manufacturing 

The applications of AI-driven decision support systems are examined within pharmaceutical 

manufacturing, with a specific emphasis on predictive maintenance and process optimization. 

By illustrating these applications, the intent is to show how AI was able to bring tangible 

benefits and efficiencies into this manufacturing sector. 

AI in Predictive Maintenance for Pharmaceutical Manufacturing Predictive maintenance 

(PdM) is one of the earliest, broadest, and most successful applications of AI/Ml in various 

manufacturing industries, including the pharmaceutical sector. The pharmaceutical industry 

is a regulated industry that produces substances for human and animal consumption [1]. As 

a highly regulated industry, the manufacturing process must comply with Good 

Manufacturing Process (GMP) standards enforced by the U.S. Food and Drug Administration 

(FDA) to ensure that drugs are produced with a consistent level of quality and safety. 

Nevertheless, recent FDA reports have identified that the pharmaceutical industry has the 

highest number of warning letters, product recalls, and transactions for sale-repurchase. Most 

drug quality variances stem from improper performance and failure of manufacturing 

equipment, emphasizing the need for digitization of the pharmaceutical manufacturing 

process. A traditional preventive maintenance program has generally been implemented 

without considering the effects of manufacturing equipment on the quality of the produced 

drug. By using AI and Big Data, it is possible to conduct a more targeted maintenance 

schedule based on the health status of the equipment. The PdM program can mitigate the 

occurrences of equipment failure and improve the overall process health. In other words, the 

focus shifts from maintaining and improving the efficiency of each equipment to maintaining 

and improving the quality of the manufactured drug. 

Pharmaceutical manufacturing equipment is highly instrumental in the production process, 

such as a fluid bed dryer, bioreactor, and high shear granulator. In practice, a highly controlled 

and monitored process is required due to narrow margins of process parameter variability 

imposed by GMP standards. The equipment is made up of complicated mechanical, 

pneumatic, and hydraulic components, among which the engineering parameters of proper 

operation are not well understood. As a result, abrupt failures of manufacturing equipment 
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are common and can have a huge impact on the manufacturing process, producing out-of-

spec product, and halt operation for a few days while waiting for replacement. By integrating 

Condition Monitoring (CM) with AI, the health status of the equipment can be described 

based on multivariate factors, some of which can be obtained by physics-informed modeling 

of the equipment [7]. “Healthy” and “Faulty” operation scenarios of the equipment can be 

defined. AI can learn observable process indicators derived from process data through data-

driven modeling, thereby allowing for early-stage detection of an equipment fault. All of 

which help to reduce the number of false alarms and increase alarm detection time. 

5.1. Predictive Maintenance and Process Optimization 

To optimize the operational reliability of equipment in pharmaceutical manufacturing, a state-

of-the-art AI-driven predictive maintenance decision support system was implemented by 

one of the world's largest pharmaceutical companies, with an operational focus in the US. 

Predictive maintenance is a proactive, data-driven, and information-based decision support 

approach used to maintain equipment reliability [8]. AI-driven predictive maintenance 

typically combines data science, IoT, and machine learning technologies to monitor the 

performance and health of equipment. These systems utilize sensors to gather data, which is 

then analyzed to detect or predict failures, enabling preemptive actions to be taken before 

significant damage occurs. Ultimately, this implementation aims to reduce costs related to 

unplanned equipment downtime as well as the costs of over-maintaining equipment before a 

failure occurs. Among other system applications, pharmaceutical manufacturing was targeted 

with a focus on biologic drug product manufacturing [1]. However, similar solutions can 

enhance decision-making and optimize operations for other types of pharmaceutical 

manufacturing, such as small molecule drug formulation and development as well as 

commercial solid dosage forms. 

To enhance the performance and efficiency of manufacturing processes in pharmaceutical 

operations, the state-of-the-art AI-driven process optimization decision support system was 

implemented by the same pharmaceutical company. Process optimization is the discovery of 

the operating conditions which result in the most efficient, productive, and reliable 

manufacturing process that best achieves desired product qualities. AI-driven process 

optimization is a new approach that leverages advances in artificial intelligence, machine 

learning, big data analytics, and high-performance computing to identify optimal process 
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designs and operating conditions. In manufacturing operations, AI-driven process 

optimization involves a mix of technologies that interrogate five pillars of data (big data) 

broadly categorized into process data, product data, economic data, historical/failure analysis 

data, and observational data. By interrogating these data, AI technologies can generate 

modeling frameworks that enhance the accuracy and robustness of mechanistic, first 

principles, or physics-driven models for pharmaceutical manufacturing processes and better 

emulate the underlying relationship between operating conditions and process/filter 

performance across unit operations. 

6. Case Studies and Success Stories 

Utilizing real-world case studies and success stories, this section offers practical examples of 

AI implementation in pharmaceutical manufacturing. It aims to demonstrate the tangible 

outcomes and transformative impact of AI-driven decision support systems in real industry 

scenarios. 

Case Study 1: AI in Drug Process Development at a Leading Pharmaceutical Company A 

multinational pharmaceutical company sought to leverage AI technologies to improve drug 

process development in its research and development (R&D) department. The company faced 

challenges in drug formulation and manufacturing method development with chronic pain 

specialty drugs. This complex task typically required extensive development time and 

resources. The company partnered with a California-based AI company specializing in 

machine learning for chemical-related research. AI models were built on historical process 

development data using Bayesian optimization. The AI models outperformed internal subject 

matter expert (SME) development strategies in generating better drug formulators and 

manufacturing methods at significantly reduced time scales. Positive responses from SMEs 

were reported, and the AI technologies received validation by the company’s senior VPs and 

leadership teams. As a business result, AI technologies were licensed for use across various 

drug formulation R&D projects. Future collaboration opportunities were being explored to 

broaden the impact of AI technologies [1]. 

Case Study 2: Digital Twins to Improve Process Safety and Reliability of Coating at a Large 

Pharmaceutical Company An API coating facility in a major U.S. pharmaceutical company 

experienced three major vessel overflows during high coating cycle times. In one incident, the 

vessel overflowed during cleaning, resulting in a six-week downtime for health hazard 
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assessments, inspections, and repairs. The API coating facility was commissioned with the 

goal of improved capacity and reduced cycle time due to the growth of the drug. 

Consequently, several changes were made that impacted equipment design and its ability to 

deal with a high coating cycle time. The case study examines the digital twins that were built 

from the dynamic models of the API coating process, resulting in plants that run robustly and 

reliably at the new coating cycle time. Simulations of the process revealed sensitivity to the 

cycling duration of the shipping valve, which they proposed would cause fluid transient 

pressure spikes that could stretch to many psi and cause vessel overflow [7]. P&IDs with 

Alarm and Operating Guidance built into the dynamic model were utilized to identify 

equipment failures based on pressure transients that would alert an operator prior to the 

overflow. From the real plant configuration, the control and alarm scenarios were designed 

cost-effectively and model-validated for practical implementation. These changes, when 

actively employed in the plant, would significantly reduce the risk of vessel overflow during 

the coating process. 

6.1. Real-World Implementations of AI in Pharmaceutical Manufacturing 

Evidence of AI in pharmaceutical manufacturing is shown through three specific 

implementations in operations, quality management, and supply chain optimization. For 

operations, GlaxoSmithKline developed an AI-based predictive process control for their QbD 

controlled release processes, implemented at two U.S. commercial manufacturing sites. AI 

was integrated into the PCS to predict the process trajectory and ensure adherence to 

specifications in real-time. During the pilot phase, the AI model successfully predicted 

deviations at both sites, which were successfully mitigated using process insights. Continuous 

monitoring of the AI model and manual intervention was planned to improve process 

understanding. This implementation reduces the risk of OOS results and the cost of rework 

and nonproductive downtime [2]. For quality management, Bristol Myers Squibb developed 

an AI-based modeling solution to predict in-process impurities, implemented at a commercial 

production plant in the U.S. AI has been integrated into the quality control tech transfer model 

stepping from a biomanufacturing site to a bulk drug manufacturing site. AI predictive 

models of four different impurities have been developed to be used in process monitoring and 

PAS, aligning with pre-approval. This use of AI in quality management improves product 

quality and compliance with specification [1]. For supply chain optimization, Amgen 

implemented an advanced analytics pipeline to optimize clinical trial supply chains for 
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monoclonal antibodies using historical data. Using statistical analysis tools, the site evaluated 

the past ten years of data from over fifty clinical trials. The findings were incorporated into an 

intuitive decision support system (DSS) enhancing existing supply chain tools (one at a Boston 

site for early phase trials and a second at a California site for late phase) by analyzing scenarios 

with improved modeling and data engineering capabilities of the proposed AI engine. This 

platform was successfully piloted in four clinical trials. 

7. Ethical and Legal Considerations 

Adoption of AI-driven decision support systems entails ethical and legal considerations. 

Concern that AI could lead to loss of jobs and lack of transparency around decision-making 

has been at the center of a heated public debate on the appropriate use of AI in sensitive areas 

such as healthcare, criminal justice, and recruiting [9]. Despite its promise to improve 

operational efficiency in the pharmaceutical manufacturing industry, AI usage raises 

important ethical considerations. It is imperative to ensure that such AI systems are used 

responsibly and ethically, avoiding harm to individuals. Emerging AI legislation in the U.S. 

as well as voluntary guidelines proposed by the OECD, G20, and EU aim to establish a 

comprehensive, common foundation for ethical and trustworthy AI [6]. Safeguards against 

inappropriate use of sensitive data, such as claims about AI systems that cannot be verified, 

are called for in the legislation. It is important to ensure transparency about how AI systems 

work and how data is used, as well as provide easily understandable information about AI 

systems and their limitations, risks, and potential harms. 

Concerns about AI systems exacerbating discrimination and other systemic biases or 

producing harmful or offensive content, contents of breach of privacy, abuse, misinformation, 

or content that violates other laws are some of the concerns. Individuals whose data is 

explicitly or implicitly used to train AI systems should be able to learn whether their data is 

used in these systems, provide notice before their data is used, and seek redress when harm 

is incurred. Moreover, if sensitive data such as health records, social security numbers, or 

biometric data is used, individuals affected by the deployment of AI systems should be 

notified prior to its use. To address the above concerns, legislation requiring all AI systems 

deployed in sensitive areas to be in compliance with civil rights and anti-discrimination laws 

is suggested. It is also helpful to conduct automated impact assessments to analyze and 

proactively mitigate risks, bias and discrimination. 
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7.1. Data Privacy and Security 

[10] , [9] 

8. Future Trends and Directions 

Technologies related to AI are transforming pharmaceutical manufacturing industry, driving 

greater automation and efficiency in drug development, production, and distribution [1]. The 

introduction of ChatGPT, a large language model (LLM), has sparked a renewed interest in 

AI’s potential to revolutionize how businesses operate. This section examines the technologies 

related to AI’s role in pharmaceutical manufacturing, identifying the most prominent 

applications and offering a vision of where the industry may be heading in the near future. 

Recent breakthroughs in LLMs and their generative capabilities could also facilitate 

applications like personalized content generation and greater business efficiencies through 

encouraging automation. In Pharma, the growing interest in AI is prompting Biotech and 

pharma companies to collaborate with AI companies or invest in in-house AI research. There 

is the potential to drive greater automation of low value and high volume tasks in the areas 

of lab management and clinical trial recruitment, leading to greater efficiency gains in the 

drug development pipeline. 

Despite the growing interest in AI, some applications may pose challenges due to ethical 

concerns surrounding data privacy and algorithm transparency. Designing the solutions to 

incorporate the voice of the customer will be critical to achieving commercial viability for 

TODO Pharma applications. Future regulation may also be required to address potential 

consequences of commercialization and misuse of some advanced AI-driven applications [7]. 

The COVID-19 pandemic sparked renewed interest in a wide suite of enabling technologies, 

which were believed necessary to achieve Drug Discovery (DD) by using AI or Machine 

Learning (ML) technology. Anti-COVID drug predictions using ML were reported in mid-

January 2020, and many models followed with various approaches. Most efforts in early 

pandemic days focused on the existing drugs and their repurposing using ML/AI or 

sometimes Deep Learning (DL) technology. 

8.1. Potential Innovations in AI for Pharmaceutical Manufacturing 

By focusing on potential innovations, this part explores the emerging frontiers and 

advancements in AI for pharmaceutical manufacturing. It delves into futuristic possibilities, 
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paving the way for envisioning the transformative capabilities of AI-driven decision support 

systems in the industry. The landscape of the pharmaceutical industry is addressed 

punctually. Then, the potential innovations that could be future frontiers in the 

pharmaceutical industry are explored. These innovations, if realized, could pave the way for 

the transformative capabilities of AI to be realized in the pharmaceutical industry. 

There is a rapid evolution of digitally-driven strategies in the pharmaceutical research and 

development (R&D) industry. Such an industry offers a vast scope for innovation across its 

domains. R&D lab operations in any pharmaceutical establishment, such as drug-candidate 

screening, safety/toxicity testing, formulation development, etc., are not only complex but 

also critical bottlenecks that happen to consume most of the time and costs in the entire drug 

development process of 10-15 years and USD 2-3B [1]. Therefore, optimizing the R&D lab 

operations, especially early-stage screening and testing labs, towards better efficiency, 

productivity, and efficacy, is of prime significance to improve the TTD time and cost rates and 

enhance drug accessibility. Manufacturing operations in the pharmaceutical industry do 

encompass drug synthesis, formulation, filling, packaging, labeling, and storage of the drug 

product in compliance with the Current Good Manufacturing Practices. Manufacturing 

operations here are considered to be batch manufacturing, where drugs are synthesized in a 

drug batch considering an optimal design of equipment, raw materials, and process 

parameters, and then the drug batch is drug-product subjected to various downstream 

processes. 
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