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Abstract:  

Background: Quality by Design is a systematic, science- and risk-based approach 

to pharmaceutical development that builds product quality into the formulation 

and process by understanding and controlling the relationships between material 

attributes, process parameters, and drug product quality attributes, rather than 

relying exclusively on end-product testing to confirm quality. Established through 

the ICH Q8, Q9, and Q10 guidelines and endorsed by regulatory agencies globally, 

QbD has transformed the conceptual framework of pharmaceutical development 

from empirical trial-and-error to structured knowledge-based design. The 

integration of artificial intelligence and machine learning with QbD methodology 

represents the most significant recent evolution of the QbD paradigm, enabling 

automation of risk assessment, acceleration of design space exploration, real-time 

prediction of quality attributes from process data, and data-driven continuous 

improvement of manufacturing processes at a scale and speed that manual QbD 

implementation cannot achieve. 

Objective: This review critically examines the theoretical foundations and 

practical implementation of Quality by Design in pharmaceutical product 

development, the integration points between AI and ML methodologies and each 

component of the QbD framework, the application of AI-augmented QbD in solid 

oral dosage form development, continuous manufacturing, biological product 

development, and regulatory submissions, with emphasis on advances through 

2024. 

Results and Discussion: Bayesian optimization and Gaussian process regression 

have emerged as the most efficient computational tools for design space 

exploration within the QbD framework, achieving equivalent or superior design 

space characterization with 30 to 70% fewer experiments compared to 

conventional response surface methodology designs. Natural language processing 

applied to historical batch records, regulatory submissions, and scientific literature 

enables automated extraction of process knowledge that supports root cause 

analysis, failure mode identification, and continuous improvement. Large 

language models trained on pharmaceutical regulatory text demonstrate capability 

to assist in preparation of QbD sections of Common Technical Documents, 

reducing documentation burden while maintaining regulatory compliance. 

Conclusion: The integration of AI and ML with QbD methodology represents a 

genuine paradigm shift in pharmaceutical product development, transitioning 

from structured but manually intensive QbD implementation to intelligent, data-

driven continuous learning manufacturing systems. The regulatory acceptance of 
AI-augmented QbD tools is advancing, with ICH E14 and FDA AI/ML guidance 
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documents establishing frameworks for AI use in pharmaceutical development 

that align with QbD principles. 

Keywords: Quality by Design; QbD; artificial intelligence; machine learning; 

design space; critical quality attributes; process analytical technology; Bayesian 
optimization; continuous manufacturing; ICH Q8 

1. Introduction 

Pharmaceutical product development has undergone a fundamental conceptual transformation over the past 

two decades, driven by the recognition that the traditional approach of developing a fixed manufacturing 

process and then testing the product against specifications to confirm quality — a paradigm sometimes 

described as quality by testing — is scientifically insufficient for ensuring consistent product quality and 

therapeutically equivalent performance across the manufacturing lifetime of a drug product. The alternative 

quality philosophy, articulated in the ICH Q8 (Pharmaceutical Development) guideline published in 2005 

and supplemented by ICH Q9 (Quality Risk Management) and ICH Q10 (Pharmaceutical Quality System), 

establishes Quality by Design as the preferred approach: a systematic, science- and risk-based methodology 

that builds quality into the product and process through mechanistic understanding of the relationships 

between material attributes, process parameters, and critical quality attributes, rather than relying on end-

product release testing as the primary quality assurance mechanism [1,2]. 

The pharmaceutical industry's adoption of QbD has been gradual but substantial over the 2005 to 

2024 period, driven by regulatory incentives including enhanced approval processes for QbD submissions, 

greater post-approval change flexibility within the established design space, and reduced regulatory 

oversight burden for processes operating within a well-characterized design space. Industry surveys 

conducted in the 2018 to 2022 period indicated that greater than 70% of major pharmaceutical companies 

had implemented QbD approaches in some form within their development organizations, with QbD-based 

submissions comprising an increasing proportion of new drug applications reviewed by the FDA and EMA 

[3,4]. 

The integration of artificial intelligence and machine learning with QbD methodology represents 

the most significant recent evolution of the pharmaceutical development paradigm, addressing the practical 

limitations of conventional QbD implementation that have constrained its broader industrial adoption. 

Traditional QbD implementation using Design of Experiments and response surface methodology requires 

substantial experimental investment to characterize multivariate design spaces, becomes impractical for 

high-dimensional formulation and process spaces with more than eight to ten variables, relies on human 

expert knowledge for risk assessment and failure mode identification, and generates design space models 

that cannot update with new data from commercial manufacturing experience. AI and ML overcome each of 

these limitations through their respective capabilities in experimental efficiency optimization, high-

dimensional data analysis, pattern recognition from large datasets, and continuous learning from new 

manufacturing data [5,6]. 

This review comprehensively examines the theoretical foundations of QbD, the tools and 

methodologies of QbD implementation, the integration of AI and ML technologies with each component of 

the QbD workflow, regulatory perspectives on AI-augmented QbD, and applications in solid oral dosage 

form development, continuous manufacturing, and biological product development. A critical analysis 

addresses the significant methodological and regulatory challenges that the field must resolve before AI-

augmented QbD can be implemented at the scale and rigor required for its pharmaceutical potential to be 

fully realized. 

2. Scientific Background 

2.1  Foundations of Quality by Design 

The Quality by Design approach to pharmaceutical development is structured around a defined set of 

conceptual elements that collectively constitute a knowledge management framework for drug product 

development. The Quality Target Product Profile (QTPP) defines the desired quality characteristics of the 

drug product — dosage form, strength, route of administration, pharmacokinetic profile, and quality 

standards — from the patient's therapeutic requirements, providing the design objective against which all 

formulation and process decisions are evaluated. Critical Quality Attributes (CQAs) are those physical, 

chemical, biological, or microbiological properties of the drug product that, when outside their specified 
range, could impact patient safety or therapeutic efficacy. Common CQAs for solid oral dosage forms include 

assay, dissolution profile, content uniformity, hardness, friability, disintegration time, and stability [7,8]. 
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Critical Material Attributes (CMAs) are properties of incoming drug substance or excipients that 

influence the CQAs of the drug product. Particle size distribution of the API, polymorphic form, moisture 

content, and specific surface area are typical CMAs for poorly soluble drugs. Critical Process Parameters 

(CPPs) are process parameters whose variability has a significant impact on CQAs; examples include 

blending speed and time for content uniformity, compaction force for tablet hardness and dissolution, and 

inlet air temperature for fluid bed granulation moisture content. The systematic identification of CMAs and 

CPPs through risk assessment and experimental characterization, and the establishment of their multivariate 

relationships with CQAs, constitutes the core scientific content of a QbD development program [9]. 

2.2  Design Space and Control Strategy 

The design space is a multidimensional combination of CMAs and CPPs that provide assurance of product 

quality when operated within these boundaries, based on the understanding of formulation-process-quality 

relationships established during development. Regulatory agencies do not consider movement within the 

approved design space a change, whereas working outside the design space requires regulatory notification 

or prior approval. The practical value of a well-characterized design space is the operational flexibility it 

confers: manufacturers can adjust process parameters within the design space to accommodate raw material 

variability or equipment performance differences without regulatory intervention [10,11]. 

The Control Strategy is the planned set of controls derived from current product and process 

understanding that ensures process performance and product quality. It encompasses controls on incoming 

material attributes, process parameters, in-process tests and real-time monitoring, and end-product testing. 

Process Analytical Technology (PAT) — the use of real-time analytical measurements of in-process materials 

to guide process understanding and control — is a key enabler of advanced control strategies, replacing off-

line end-product testing with continuous in-process monitoring that enables real-time release and parametric 

release [12]. 

3. Classification of AI-Augmented QbD Tools and Methodologies 

3.1  Risk Assessment Automation 

Failure Mode and Effects Analysis (FMEA) and Ishikawa (fishbone) cause-and-effect analysis are the 

traditional QbD risk assessment tools used to identify which material attributes and process parameters pose 

the greatest risk to CQAs, prioritizing experimental effort. Conventional FMEA is conducted manually by 

expert teams who assign risk priority numbers (RPNs) based on severity, occurrence probability, and 

detection capability for each identified failure mode. AI-assisted risk assessment applies natural language 

processing to historical batch records, deviation reports, literature databases, and regulatory submissions to 

automatically identify potential failure modes and their frequency of occurrence, supplementing human 

expert judgment with data-driven pattern recognition across institutional experience that would be 

inaccessible through manual review [13,14]. 

3.2  AI-Guided Experimental Design for Design Space Exploration 

Bayesian optimization is the most powerful AI tool for design space exploration within the QbD framework, 

enabling identification of the design space boundaries and optima with substantially fewer experiments than 

conventional factorial or response surface designs. Bayesian optimization uses a Gaussian process surrogate 

model to represent the probability distribution over possible design space geometries, then applies an 

acquisition function that trades off exploration of uncertain regions with exploitation of regions predicted to 

produce good CQA values, sequentially selecting the most informative next experiment. Published QbD case 

studies have demonstrated design space characterization with 20 to 50 Bayesian-selected experiments 

achieving equivalent or superior accuracy to conventional central composite designs requiring 50 to 100 

experiments [15,16]. 

3.3  Machine Learning for CQA Prediction from Process Data 

Machine learning models — including random forest, gradient boosting, artificial neural networks, and 

Gaussian process regression — trained on historical manufacturing process data (process parameter values, 

in-process measurements, environmental data) and product quality outcomes (CQA measurements from end-

product testing) enable prediction of final product quality from real-time in-process data. These predictive 

models form the foundation of real-time release testing (RTRT) strategies that replace conventional 

destructive off-line end-product testing with model-based quality prediction, reducing quality testing cycle 

time and enabling continuous manufacturing without batch accumulation for off-line testing [17,18]. 
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3.4  Natural Language Processing for Pharmaceutical Knowledge Extraction 

The pharmaceutical development process generates enormous quantities of structured and unstructured 

textual data — experimental notebooks, batch records, deviation reports, out-of-specification investigations, 

stability reports, regulatory correspondence, and published scientific literature — that contain rich process 

knowledge that is only partially accessible to conventional manual review. NLP models including named 

entity recognition, relation extraction, and sentiment analysis applied to these pharmaceutical text corpora 

can automatically identify CMA-CPP-CQA relationships, failure mode patterns, and process improvement 

opportunities from institutional data at a scale inaccessible to human reviewers [19,20]. 

3.5  Large Language Models for Regulatory Documentation 

Large language models (LLMs) including GPT-4 and domain-specialized pharmaceutical LLMs trained on 

regulatory guidance documents, scientific literature, and Common Technical Document (CTD) templates 

have demonstrated capability to assist in drafting QbD-compliant sections of regulatory submissions, 

including QTPP documentation, CQA justifications, FMEA risk assessments, and design space descriptions. 

Published evaluations in 2023 and 2024 have found that LLM-generated regulatory text requires expert 

review and editing but provides a useful first draft that reduces the time investment of regulatory 

documentation preparation by 30 to 60% in internal benchmarking studies [21]. 

Table 1: Classification of AI and ML tools integrated with QbD methodology, with primary application, data 

inputs, and pharmaceutical implementation examples 

AI/ML Tool QbD Application Data Inputs Output 
Implementation 

Examples 

Bayesian 

optimization 

Design space 

exploration 

Experimental 

CQA data 

Optimal 

formulation / 

process 

Tablet compression 

design space (30–

50% fewer 

experiments) 

Gaussian 

process 

regression 

Probabilistic design 

space model 

CPP-CQA 

experimental data 

Design space with 

uncertainty 

bounds 

QbD dissolution 

design space for 

modified-release 

Random forest / 

ANN 

CQA prediction 

(RTRT) 

PAT spectral + 

process data 

Real-time CQA 

values 

NIR-based content 

uniformity 

prediction 

NLP / Named 

entity 

recognition 

Risk assessment, 

batch record 

mining 

Batch records, 

deviations, 

literature 

CMA-CPP-CQA 

relationship 

extraction 

FMEA automation 

from historical data 

Large language 

models (LLMs) 

Regulatory 

documentation 

assistance 

CTD templates, 

guidance docs 

Draft QbD 

submission 

sections 

QTPP/CQA section 

drafting (30–60% 

time reduction) 

Convolutional 

neural network 

Tablet image 

quality inspection 

Camera images 

(inline) 

Defect detection, 

coating uniformity 

Vision inspection in 

continuous film 

coating 

Federated 

learning 

Cross-site process 

knowledge sharing 

Distributed 

manufacturing 

data 

Multi-site process 

control model 

Cross-site batch 

release prediction 

model 

AI: artificial intelligence; ML: machine learning; QbD: Quality by Design; CQA: critical quality attribute; 

CPP: critical process parameter; PAT: process analytical technology; RTRT: real-time release testing; NLP: 

natural language processing; FMEA: failure mode and effects analysis; QTPP: quality target product 
profile; CTD: Common Technical Document. 
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4. QbD Implementation Framework 

4.1  QTPP and CQA Definition 

The Quality Target Product Profile is the foundational document of a QbD development program, defining 

the desired characteristics of the drug product from the perspective of patient safety and therapeutic need. A 

well-constructed QTPP drives all subsequent formulation and process development decisions by establishing 

the quality standards that the development program must achieve. The QTPP for a modified-release oral 

tablet might specify the target release profile (percent dissolved at defined time points in biorelevant media), 

the acceptable range of assay (95 to 105% of label claim), content uniformity (RSD below 4%), and chemical 

stability specifications across the product's intended shelf life [22]. 

CQA identification from the QTPP requires scientific judgment about which product properties 

directly impact patient safety or efficacy and therefore require tight control, versus those that are important 

manufacturing characteristics but whose variability does not directly affect patient outcomes. ICH Q8 

guidance emphasizes that CQAs should be identified based on understanding of the linkage between product 

quality and clinical performance, supported by mechanistic models, published literature, or clinical data. AI-

assisted CQA identification uses knowledge graphs constructed from bioavailability-dissolution 

relationships in the literature and regulatory precedent databases to systematically identify which 

formulation properties are most commonly linked to clinical outcomes for drugs of similar BCS 

classification and dosage form type [23]. 

4.2  Risk Assessment Using AI 

AI-augmented FMEA automates the labor-intensive process of identifying potential failure modes and their 

impacts by mining historical batch records, deviation logs, and out-of-specification reports using NLP 

models trained on pharmaceutical process text. The automated NLP-FMEA identifies failure modes that 

have actually occurred in historical manufacturing of similar products, weighted by their frequency and 

severity, complementing the prospective expert-judgment-based FMEA with retrospective data-driven 

failure mode identification. Graph neural network models applied to process knowledge graphs — where 

nodes represent process steps, material attributes, equipment parameters, and CQAs, and edges represent 

cause-and-effect relationships — can identify indirect and multi-step failure pathways that may be missed 

by conventional single-step FMEA analysis [24]. 

4.3  Experimental Design Integration with AI 

The integration of AI with experimental design in QbD converts the traditionally batch-mode sequential 

approach — conduct designed experiment, analyze results, decide on next experiment block — to a 

continuous adaptive approach in which each experimental result immediately updates the surrogate model 

and informs the selection of the next experiment. Adaptive experimental designs enabled by Bayesian 

optimization and active learning algorithms outperform conventional full factorial and response surface 

designs in efficiency for design space exploration because they concentrate experimental effort in the most 

informative regions of the design space (high uncertainty or high gradient regions) rather than distributing 

effort uniformly across a predefined experimental grid [25]. 

4.4  Design Space Visualization and Regulatory Presentation 

The probabilistic design space defined by Gaussian process regression and Bayesian optimization is richer 

in information content than the polynomial regression-derived design space of conventional RSM, 

containing not only the predicted CQA response surfaces but also the uncertainty in those predictions. The 

regulatory presentation of probabilistic design spaces — showing the probability that CQAs are within 

specifications as a function of process parameter values — enables regulators to evaluate both the expected 

CQA performance and the confidence in that prediction, providing more complete information for design 

space approval decisions. Interactive visualization tools including web-based design space explorers that 

enable regulators to interrogate model predictions across the full parameter space have been developed and 

are being piloted in QbD-based submissions to regulatory agencies [26]. 

5. Process Analytical Technology and Real-Time Monitoring 

5.1  NIR and Raman Spectroscopy for In-Line Monitoring 

Near-infrared spectroscopy and Raman spectroscopy are the most widely implemented PAT tools in 

pharmaceutical continuous manufacturing, providing non-destructive real-time measurements of drug 

content, water content, polymorphic form, and blend homogeneity in granulation, blending, and tablet 
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compression operations. NIR chemometric models (PLS, PCR, or ML-based) trained on reference laboratory 

data map spectral features to quantitative analyte concentrations, enabling real-time CQA prediction from 

in-line spectral measurements at sampling rates of seconds to minutes compared to hours for off-line HPLC 

methods. The accuracy and robustness of NIR/Raman calibration models across equipment variations, raw 

material lot changes, and environmental conditions are critical requirements for regulatory acceptance in a 

RTRT strategy [27,28]. 

5.2  Process Data Integration and Digital Twins 

Digital twin technology — creating a computationally real-time executing model of the manufacturing 

process that is continuously updated with sensor data from the physical process — represents the most 

comprehensive integration of process understanding with AI-augmented QbD. A pharmaceutical digital twin 

integrates mechanistic process models (granulation kinetics, tablet compaction models, dissolution models) 

with data-driven ML models trained on historical process data, updating model predictions in real time as 

new sensor data arrives to provide forward-looking predictions of CQAs before they can be measured off-

line. Digital twins have been demonstrated for continuous tablet manufacturing systems at Janssen, Pfizer, 

and several academic centers, with prediction errors for content uniformity and dissolution of less than 3% 

relative to reference laboratory measurements [29,30]. 

5.3  Advanced Process Control Using Reinforcement Learning 

Reinforcement learning — a type of machine learning in which an agent learns to make sequential decisions 

by maximizing cumulative reward from an environment — represents a conceptually powerful approach to 

automated pharmaceutical process control. An RL controller for a continuous granulation-blending-

compression line would learn to adjust granulation liquid addition rate, blender speed, and compaction force 

in real time in response to in-line PAT measurements, optimizing for compliance with CQA specifications 

across the full operating space. Published demonstrations of RL-based pharmaceutical process control in 

2023 and 2024 include real-time fluid bed granulation control maintaining particle size within specification 

across raw material variability and spray rate adjustments, and tablet press force feedback control minimizing 

hardness variability [31]. 

6. Characterization Within AI-Augmented QbD 

6.1  Multivariate Statistical Process Control 

Principal component analysis (PCA) and partial least squares (PLS) applied to multivariate in-process sensor 

data streams provide statistical process control (SPC) charts that simultaneously monitor dozens of process 

variables and detect abnormal process behavior at the earliest possible stage — before it impacts CQA 

outcomes. Hotelling's T² statistic monitors the multivariate distance from normal process operation in 

principal component space, providing an overall process health indicator that is more sensitive to subtle 

multi-variable drift than individual univariate control charts for each sensor. The Q-statistic (DModX) 

monitors the residual variation not captured by the principal components, detecting novel process 

abnormalities outside the scope of the training data [32,33]. 

6.2  Root Cause Analysis by ML 

Machine learning models trained on historical batch data — correlating process parameter values, in-process 

measurements, raw material attributes, and environmental conditions with CQA outcomes — enable data-

driven root cause analysis of batch failures by identifying the combination of variable values that most 

strongly predicts the observed quality deviation. Variable importance methods including SHAP values and 

LIME (Local Interpretable Model-Agnostic Explanations) applied to ML batch failure prediction models 

identify which process parameters or material attributes contributed most to the specific failure, guiding 

corrective and preventive action (CAPA) investigations. This approach is substantially more objective and 

reproducible than traditional expert-judgment-based root cause analysis [34]. 

6.3  Continued Process Verification by Online Learning 

ICH Q10 requires continued process verification (CPV) throughout the product lifecycle to confirm that the 

process remains in a state of control as manufacturing scales, raw material lots change, and environmental 

conditions vary over time. Traditional CPV programs conduct retrospective statistical analysis of 

accumulated batch data at defined intervals. AI-augmented CPV uses online learning algorithms that update 

process monitoring models incrementally with each new batch, continuously detecting process drift and 

performance trends without requiring predefined retrospective analysis cycles. Bayesian change-point 
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detection algorithms applied to continuous CQA prediction model outputs identify when the process-quality 

relationship has shifted significantly, triggering investigation and model retraining before out-of-

specification events occur [35]. 

7. Theoretical Framework for AI Integration with QbD 

7.1  Knowledge Management and the ICH Q8-Q10 Framework 

The ICH Q8-Q10 guidelines provide a knowledge management framework that is structurally aligned with 

AI and ML learning paradigms. The QbD concept of building understanding of process-quality 

relationships from experimental data, then using that understanding to predict performance across the 

operating space, is functionally equivalent to supervised machine learning — where a model learns input-

output mappings from training data and applies them to unseen inputs. The QbD principle of continuous 

learning from commercial manufacturing experience through CPV maps directly to online learning and 

model updating paradigms in ML. The QbD design space concept, which defines the operating conditions 

under which quality is assured, is structurally analogous to the model applicability domain concept in 

chemometrics and ML [36,37]. 

7.2  Mechanistic Modeling and Hybrid Models 

Mechanistic models derived from fundamental chemical engineering and pharmaceutical science — 

population balance models for granulation, compaction equations for tablet compression, diffusion-

dissolution models for drug release — provide physically interpretable predictions that generalize to 

operating conditions outside the training data range, a capability absent from purely empirical ML models. 

Hybrid model architectures that combine mechanistic models (providing physical process structure) with 

ML components (learning residual process variation not captured by the mechanistic equations) achieve 

better predictive accuracy than either component alone and retain mechanistic interpretability while 

adapting to process-specific empirical patterns. These hybrid mechanistic-ML models are particularly 

valuable for PAT-based RTRT applications where both accuracy and interpretability are regulatory 

requirements [38,39]. 

7.3  Uncertainty Quantification in QbD Predictions 

Regulatory acceptance of AI-augmented QbD predictions for design space definition and real-time release 

testing requires rigorous uncertainty quantification — the ability to provide not just point predictions of CQA 

values but also calibrated confidence intervals that honestly represent the model's uncertainty about each 

prediction. Gaussian process regression provides inherent uncertainty quantification through its predictive 

variance, while deep ensemble methods, Monte Carlo dropout, and conformal prediction provide uncertainty 

estimates for neural network and gradient boosting models. Regulatory guidance documents (FDA, EMA) 

for ML in pharmaceutical development consistently emphasize uncertainty quantification as a requirement 

for model validation, reflecting the regulatory principle that predictions used for release decisions must be 

demonstrably reliable [40]. 

8. Applications of AI-Augmented QbD 

8.1  Solid Oral Dosage Form Development 

The application of AI-augmented QbD to solid oral dosage form development has demonstrated the 

most mature industrial implementation, with Bayesian optimization and ML-based CQA prediction 

models adopted by multiple major pharmaceutical companies in tablet and capsule development 

programs. In a landmark case study published by Janssen Pharmaceutica in 2020, Bayesian optimization 

of a high-shear wet granulation process identified optimal process parameters achieving target tablet 

dissolution and hardness specifications with 40% fewer experiments than an equivalent central 

composite design, while the Gaussian process surrogate model provided probabilistic design space 

boundaries that specified the probability of CQA compliance across the full granulation parameter space 

[41]. 

ML models predicting dissolution rate from NIR spectra, tablet hardness from compaction force 

profiles, and content uniformity from blend powder near-infrared spectra collected in continuous 

manufacturing have been validated for RTRT applications at multiple pharmaceutical companies. The FDA 

received 38 submissions incorporating RTRT strategies between 2016 and 2024, with a significant proportion 

using ML-based CQA prediction models, demonstrating regulatory acceptance of PAT-ML approaches 

within the QbD framework [42]. 
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8.2  Continuous Manufacturing 

Continuous pharmaceutical manufacturing — in which drug substance and excipients flow continuously 

through an integrated sequence of unit operations from raw material to final dosage form without 

intermediate batch accumulation — represents the most technically demanding and potentially impactful 

application of AI-augmented QbD. The continuous manufacturing paradigm eliminates the batch concept, 

making conventional batch release testing inapplicable and requiring real-time release decisions based on 

continuous in-process monitoring. AI models integrated with multi-channel PAT sensing networks provide 

the computational infrastructure for real-time CQA prediction across continuous operations [43,44]. 

The FDA approved the first continuous manufacturing facility for a small molecule drug product 

(Janssen's darunavir Prezista tablet at the Gurabo, Puerto Rico facility) in 2016, with subsequent approvals 

for Orkambi (lumacaftor/ivacaftor, Vertex), Symdeko (tezacaftor/ivacaftor, Vertex), and several generic 

products through 2024. Each of these approvals incorporated PAT-based real-time monitoring, with the most 

recent approvals featuring ML-based CQA prediction components within the control strategy [45]. 

8.3  Biological Product Development 

The application of QbD to biological product development — bioreactor process development, downstream 

purification, and fill-finish manufacturing — presents additional complexity compared to small molecule 

manufacturing due to the greater sensitivity of biological molecules to process variations, the larger number 

of quality attributes requiring characterization, and the intimate relationship between process conditions and 

product higher-order structure. AI-augmented QbD for biologics development uses ML models trained on 

process parameter-CQA data from cell culture and purification development to predict critical quality 

attributes including glycosylation profile, charge variant distribution, and aggregation propensity from 

bioreactor process parameter trajectories [46,47]. 

8.4  Regulatory Documentation Assistance 

The preparation of QbD-compliant regulatory submissions — including Module 3 pharmaceutical 

development sections, risk assessment documentation, design space descriptions, and control strategy 

justifications — represents a significant documentation burden that has been identified by pharmaceutical 

companies as a practical barrier to broader QbD adoption. LLM-assisted regulatory writing tools trained on 

approved CTD submissions, ICH guidelines, and regulatory guidance documents can draft QbD 

documentation sections that satisfy regulatory format requirements while communicating the technical 

content of the development program. A 2024 study evaluating GPT-4-generated QbD documentation 

sections found that 72% of generated text was acceptable to regulatory affairs experts without modification, 

with the remaining 28% requiring factual corrections or contextual updating [48]. 

9. Recent Advances 

9.1  Generative AI for Pharmaceutical Process Design 

Generative AI models — including variational autoencoders and diffusion models trained on pharmaceutical 

process and formulation data — have been applied to de novo generation of manufacturing process recipes 

and formulation compositions predicted to meet QbD quality targets. A generative model trained on a 

database of tablet formulation compositions and associated dissolution profiles generated novel formulation 

candidates predicted to achieve biorelevant dissolution profiles in FaSSIF meeting target specifications for 

poorly soluble drug candidates, with a subset experimentally confirmed to meet specifications in prospective 

validation. This generative approach to formulation design represents a fundamentally different use of AI 

within the QbD framework — not optimizing within a predefined search space but proposing entirely new 

compositions outside the training data distribution [49]. 

9.2  Multi-Agent AI Systems for Autonomous Development 

Multi-agent AI systems, in which multiple specialized AI agents collaborate — a formulation design agent, 

an experimental design agent, a data analysis agent, and a regulatory documentation agent — coordinate to 

execute portions of a pharmaceutical development program with minimal human intervention, represent the 

most ambitious near-term application of AI in QbD-aligned pharmaceutical development. Automated 

laboratory platforms equipped with robotic fluid handling, analytical instruments, and AI-driven 

experimental planning have been demonstrated to conduct iterative tablet formulation optimization 

campaigns autonomously, from initial formulation screening through design space characterization, in 2023 

and 2024 proof-of-concept studies at academic and industrial laboratories [50]. 
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9.3  AI-Enhanced ICH Q13 Continuous Manufacturing Guidelines 

The ICH Q13 guideline on continuous manufacturing, finalized in 2023, provides the first global regulatory 

guidance specifically addressing the unique quality and regulatory considerations of continuous 

manufacturing. ICH Q13 explicitly acknowledges the role of real-time process monitoring using PAT, 

advanced process control using data-driven models, and model-based control strategies within continuous 

manufacturing quality systems. The guideline's endorsement of data-driven control strategies within the QbD 

framework provides the most authoritative regulatory statement to date on the compatibility of AI-based 

process control with ICH quality guidelines, substantially reducing regulatory uncertainty about AI-

augmented QbD implementation in continuous manufacturing [51]. 

9.4  Cross-Industry Pharmaceutical AI QbD Initiatives 

Industry consortia including the International Consortium for Innovation and Quality in Pharmaceutical 

Development (IQ Consortium), the Analytical Instrument Association, and the Pharma Manufacturing 

consortium have launched collaborative programs to develop shared data standards, model validation 

frameworks, and regulatory guidance recommendations specifically for AI integration with QbD in 

pharmaceutical development. The IQ Digital Design Working Group published a white paper in 2024 

establishing minimum data requirements and model performance criteria for ML models used in 

pharmaceutical process control and RTRT strategies, providing an industry-consensus standard that is being 

incorporated into regulatory guidance development by FDA and EMA [52]. 

10. Comparative Analysis 

The practical value of AI-augmented QbD relative to conventional QbD implementation is best evaluated 

through direct comparison of outcomes — design space characterization accuracy, experimental efficiency, 

process monitoring sensitivity, and regulatory submission quality — using published case studies and 

benchmarking data from pharmaceutical development programs that have implemented both approaches for 

comparable development objectives. Direct head-to-head comparisons are limited in the published literature 

because most pharmaceutical companies implement AI-augmented QbD for new programs without 

conducting parallel conventional QbD programs, making controlled comparison difficult [53]. 

The available evidence from case studies and simulation comparisons suggests that Bayesian 

optimization achieves statistically equivalent design space characterization with 30 to 70% fewer 

experiments than conventional central composite designs for typical four- to eight-variable pharmaceutical 

development problems, with the efficiency advantage increasing with the dimensionality of the problem. For 

problems with more than eight variables — which are common in formulation development involving 

multiple excipient types and concentrations — Bayesian optimization maintains efficiency while 

conventional full factorial and Box-Behnken designs become practically infeasible [54]. 

Table 2: Comparative analysis of conventional QbD versus AI-augmented QbD across key implementation 

parameters 

Parameter Conventional QbD AI-Augmented QbD Evidence Base 
Design space 

experiments 
Full factorial / CCD — 

50–150 runs 
Bayesian optimization 

— 20–60 runs 
Published case studies; 

~40% fewer experiments 
Variable 

dimensionality 
Practical limit ~8 

variables (RSM) 
Scalable to 20+ 

variables 
Simulation studies; 

Bayesian dimensionality 

advantage 
CQA prediction 

accuracy 
Polynomial RSM 

model (R² ~0.85–0.95) 
GPR / ANN (R² ~0.90–

0.98) 
Multiple published 

comparisons 

Risk assessment 

automation 
Manual expert FMEA 

(days–weeks) 
NLP-assisted FMEA 

(hours) 
Industry reports; 80% time 

reduction 

Process monitoring Univariate SPC charts Multivariate MSPC + 

ML prediction 
Superior fault detection 

sensitivity 

Regulatory 

documentation 
Manual expert drafting 

(weeks) 
LLM-assisted drafting 

(hours) 
72% acceptable first-draft 

rate (2024 study) 

Regulatory 

acceptance 
Well established Emerging — ICH Q13 

(2023) endorsement 
FDA, EMA guidance 

development ongoing 
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CCD: central composite design; RSM: response surface methodology; GPR: Gaussian process regression; 

ANN: artificial neural network; FMEA: failure mode and effects analysis; NLP: natural language 
processing; SPC: statistical process control; MSPC: multivariate SPC; LLM: large language model. 

11. Advantages and Limitations 

11.1  Advantages 

 Bayesian optimization achieves design space characterization with 30 to 70% fewer experiments than 

conventional response surface designs, reducing material consumption, development timelines, and 

costs without sacrificing design space quality or breadth 

 ML models enable exploration of design spaces with 20 or more variables — beyond the practical limit 

of DoE methods — providing comprehensive multivariate design understanding for complex 

formulation and process problems 

 Real-time CQA prediction from PAT data using ML models enables real-time release testing strategies 

that replace off-line end-product testing, reducing quality assurance cycle times from days to minutes 

in continuous manufacturing 

 NLP-automated risk assessment mines institutional historical data (batch records, deviations, 

investigations) to identify failure modes that occurred in practice, supplementing prospective expert 

FMEA with data-driven retrospective failure mode discovery 

 Digital twin technology integrating mechanistic and ML process models enables virtual process 

development and scale-up prediction, reducing costly physical scale-up experiments by simulating 

process performance at larger scales before physical scale-up 

 Online learning ML models in continued process verification continuously update their process-quality 

predictions with each new manufacturing batch, detecting process drift in near-real-time without 

requiring predefined retrospective analysis intervals 

 LLM-assisted regulatory documentation tools reduce the time investment of QbD submission 

preparation by 30 to 60%, lowering the practical barrier to comprehensive QbD implementation that 

has historically been the documentation burden 

11.2  Limitations 

 AI and ML models require substantial volumes of high-quality training data to achieve reliable 

predictions, and pharmaceutical development datasets are typically small (50 to 500 observations), 

requiring careful validation to avoid overfitting and ensure generalization 

 The regulatory acceptance pathway for AI-augmented QbD elements — particularly ML-based design 

space models and AI-generated RTRT predictions used for batch release — is not yet fully established, 

with regulatory agencies still developing specific guidance on validation requirements and 

documentation standards 

 Black-box ML models (neural networks, gradient boosting) used for CQA prediction and design space 

modeling provide limited mechanistic interpretability, creating tension with the QbD principle that 

product and process understanding, not just predictive accuracy, should underpin the control strategy 

 The applicability domain of trained ML models — the range of input conditions for which predictions 

are reliable — must be rigorously characterized and enforced in pharmaceutical manufacturing 

contexts, as predictions outside the applicability domain may be confidently wrong in ways that could 

compromise product quality 

 Integration of AI tools with existing pharmaceutical enterprise data systems, manufacturing execution 

systems, and laboratory information management systems requires significant IT infrastructure 

investment and data standardization that many pharmaceutical manufacturers have not yet completed 

 LLM-generated regulatory documentation requires expert review to correct factual errors, contextual 

inaccuracies, and regulatory misinterpretations — a verification burden that, while lower than drafting 
from scratch, is not negligible and requires sustained expert engagement rather than fully autonomous 

documentation generation 
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12. Regulatory Framework and Implementation Precedents 

The regulatory framework for QbD was established by the landmark FDA guidance documents of 2004 to 

2006 — Pharmaceutical CGMPs for the 21st Century (2004), the PAT guidance (2004), and the ICH Q8 

pharmaceutical development guidance (2006) — which collectively defined the conceptual vocabulary and 

regulatory expectations for QbD-based submissions. The FDA's product quality pilot program and enhanced 

QbD review procedures, established in 2008, incentivized QbD adoption by offering regulatory benefits 

including greater post-approval flexibility to operate within the design space without prior approval. 

Between 2008 and 2024, the FDA approved more than 400 NDA and ANDA submissions with QbD 

elements, with the proportion of submissions incorporating PAT and real-time release testing increasing 

annually [55]. 

The ICH Q13 guideline on continuous manufacturing (2023) represents the most significant recent 

regulatory milestone for AI-augmented QbD, explicitly endorsing data-driven process models, advanced 

process control systems, and real-time quality prediction within continuous manufacturing quality systems. 

The FDA and EMA AI/ML guidance documents published in 2021 to 2024 provide frameworks for 

validation, transparency, and change management of AI models used in pharmaceutical development and 

manufacturing decisions, establishing the regulatory vocabulary for AI-augmented QbD that prior guidance 

lacked [56]. 

Table 3: Key regulatory milestones and guidance documents for QbD and AI integration in pharmaceutical 

development 

Year Document / Agency Scope Key QbD / AI Provisions 

2004 FDA — PAT Guidance 
PAT in 

manufacturing 

Endorsed real-time monitoring; defined 

PAT tool categories 

2006 
ICH Q8 — Pharmaceutical 

Development 
QbD framework 

Defined QTPP, CQA, design space, 

control strategy 

2009 
ICH Q9 — Quality Risk 

Management 
Risk-based approach 

FMEA, Ishikawa, risk ranking tools for 

QbD 

2012 
ICH Q11 — Development of 

Drug Substances 
API QbD 

QbD principles applied to drug 

substance development 

2021 FDA — AI/ML Action Plan 
AI in drug 

development 

Framework for AI/ML model validation 

in pharmaceutical context 

2023 
ICH Q13 — Continuous 

Manufacturing 

Continuous 

manufacturing 

First ICH guidance explicitly endorsing 

AI/ML in process control 

2024 
EMA — Reflection Paper on 

AI 

AI in medicines 

lifecycle 

AI integration with QbD; risk-

proportionate validation framework 

FDA: Food and Drug Administration; ICH: International Council for Harmonisation; EMA: European 

Medicines Agency; PAT: process analytical technology; QbD: Quality by Design; QTPP: quality target 
product profile; CQA: critical quality attribute; FMEA: failure mode and effects analysis; API: active 

pharmaceutical ingredient. 

13. Critical Analysis 

The enthusiasm for AI integration with QbD in pharmaceutical development literature and industry 

communications has outpaced the rigorous validation of AI-augmented QbD tools in regulatory submissions 

with demonstrated product quality outcomes. The published literature on Bayesian optimization and ML-

based design space exploration in pharmaceutical development consists predominantly of retrospective 

analyses demonstrating that Bayesian optimization would have achieved equivalent results with fewer 

experiments than were actually conducted in a historical development program — not prospective studies in 

which Bayesian optimization guided real-time experimental decisions. The performance of Bayesian 

optimization in truly prospective pharmaceutical development campaigns, where the model must make 

decisions under genuine uncertainty rather than being validated against known outcomes, has been 

demonstrated in fewer than 20 published cases as of 2024, a surprisingly small evidence base given the 

widespread advocacy for this approach [57]. 

The relationship between ML model predictive accuracy (measured by cross-validation R² or RMSE 

on held-out test data) and actual pharmaceutical manufacturing quality performance is poorly characterized 
in the published literature. A dissolution prediction model with R² = 0.93 on a held-out test set is frequently 

presented as validated for real-time release testing application, but the translation from statistical model 
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performance to regulatory quality assurance depends on whether the 7% unexplained variance corresponds 

to random error or systematic process shifts that the model would fail to detect. The FDA guidance on RTRT 

strategies requires demonstration that model-based CQA predictions are equivalent to compendial test 

methods across the full range of expected process variation, a substantially more stringent requirement than 

statistical model performance metrics alone can verify [58]. 

The risk of AI-augmented QbD creating a false sense of process understanding deserves explicit 

acknowledgment. QbD's fundamental premise is that product quality is built in through understanding of 

process-quality relationships. However, ML models learn statistical associations between input variables and 

output quality measures without necessarily capturing the mechanistic causal relationships that constitute 

genuine scientific understanding of the process. A gradient boosting model predicting tablet dissolution from 

15 process parameters may achieve high predictive accuracy on historical data while learning spurious 

correlations — such as between operator shift and dissolution, reflecting confounded temporal trends — that 

would produce incorrect predictions when the confounding factor changes. The distinction between 

statistical association and mechanistic understanding is critical for the QbD principle of predicting behavior 

in novel conditions, yet is systematically inadequately addressed in pharmaceutical ML publications [59,60]. 

14. Conclusion 

The integration of artificial intelligence and machine learning with Quality by Design represents a genuinely 

transformative development in pharmaceutical product development methodology, addressing practical 

limitations of conventional QbD implementation that have constrained its broader adoption despite the clear 

scientific and regulatory advantages of the QbD philosophy. Bayesian optimization's demonstrated 

efficiency in design space exploration, ML-based CQA prediction enabling real-time release testing in 

continuous manufacturing, NLP-automated risk assessment mining institutional knowledge, and digital twin 

technology enabling virtual process development collectively constitute a toolkit that can accelerate 

pharmaceutical development timelines, reduce experimental burden, and improve manufacturing process 

understanding beyond what conventional QbD tools can achieve. 

The regulatory landscape for AI-augmented QbD has matured substantially with the ICH Q13 

continuous manufacturing guideline's explicit endorsement of data-driven process control, the FDA's 

published AI/ML action plan and EMA's reflection paper on AI in medicines lifecycle, and the growing body 

of approved submissions incorporating PAT-ML elements within QbD frameworks. These regulatory 

advances reduce the previously substantial uncertainty about whether AI-augmented QbD components 

would receive regulatory acceptance, encouraging further pharmaceutical industry investment in these 

approaches. 

A candid assessment of the current state of the field identifies several critical gaps that must be 

addressed to realize the full potential of AI-augmented QbD: the need for prospective validation studies of 

Bayesian optimization and ML-based design space tools in real pharmaceutical development campaigns; 

clearer regulatory specifications for ML model validation in RTRT and CPV applications; resolution of the 

interpretability tension between ML predictive accuracy and QbD's requirement for mechanistic process 

understanding; and development of pharmaceutical data standards that enable multi-company federated 

learning and cross-institutional knowledge sharing without compromising intellectual property. Addressing 

these gaps will determine whether AI-augmented QbD fulfills its considerable promise as the defining 

pharmaceutical development methodology of the next decade. 
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