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Considerations for the Use of Models, Including Al and Machine Learning, in
Pharmaceutical Manufacturing and Quality Control (CMC)

1. Introduction

In recent years, artificial intelligence (AI) technologies, including machine learning (ML), have
increasingly been explored in pharmaceutical manufacturing, with a view also to their future use in
marketing authorization applications. While these technologies may contribute to more efficient
development and advanced assurance of product quality, questions have emerged regarding how to
evaluate the performance and credibility of such models and how to explain them to regulatory

authorities.

This document summarizes considerations for evaluating models when they are applied in practice
in the pharmaceutical manufacturing and quality control (CMC) area, taking into account the general
principles set forth in the ICH MI15 Guideline "General Principles for Model-Informed Drug
Development" (Step 4 document dated 29 January 2026). The models covered by this document
include not only data-driven models such as ML, but also mechanistic models based on physical laws,
chemical reaction mechanisms, or other scientific principles (referred to in this document as “physics-

based models™), as well as hybrid models combining these.

The purpose of this document is to provide a standard workflow for consideration that enables
developers/applicants to perform an appropriate risk assessment of their models in accordance with
the Context of Use (COU), and to plan and execute the necessary Verification & Validation (V&V)
activities. Through this, we aim to provide predictability regarding what should be verified and with
what datasets in pharmaceutical manufacturing and in marketing authorization applications, and
thereby to promote the utilization of Al technologies, including ML, in the pharmaceutical

manufacturing and quality control (CMC) area.

2. Scope and Positioning

This document mainly covers models used in the pharmaceutical CMC area, such as manufacturing
process development, process control, and quality testing. Whereas the ICH M 15 Guideline provides
a comprehensive framework for model evaluation, this document builds on that framework and

presents simplified, practice-oriented considerations for applying it in CMC settings.

In the CMC area, data-driven models (e.g., chemometric models), physics-based models (e.g.,
Residence Time Distribution (RTD) models), and hybrid models combining these have long been used.
In particular, for models based on well-established methodologies, a common understanding with

regulatory authorities has been established in some areas regarding the regulatory points to be assessed.
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Therefore, there may be cases where prior consultation with regulatory authorities based on a Model

Analysis Plan (MAP), as described in the ICH M15 Guideline, is not necessarily required.

This document has been prepared with the aim of facilitating model evaluation and simplifying
consultation with regulatory authorities. Although this document does not address the timing of
consultation with regulatory authorities, it does not preclude such consultation. In addition, GMP
requirements such as computerized system validation (CSV) and data integrity should be addressed

by referring separately to the relevant notifications and guidelines.

The contents of this document should be interpreted flexibly according to the characteristics of
individual models and technological progress, and are not intended as rigid rules to be uniformly
applied to all cases. This document covers data-driven models (such as ML), physics-based models,
and hybrid models. This document covers only models whose parameters remain fixed throughout
operation. On the other hand, models whose model parameters are continuously or automatically
updated during operation through learning or other means, or models whose outputs or behavior cannot

be adequately specified and verified in advance, are outside the scope of this document.

3.  Definitions of Terms
The terms used in this document for model classifications and for verification and validation are

defined as follows.

<Model Classifications >

Data-driven model

A model that empirically learns the relationship between inputs and outputs based on observed
data. It does not necessarily rely on prior assumptions about physical laws or chemical reaction
mechanisms. Examples in this category include PLS regression, random forest, deep learning,
etc. In particular, models whose internal structure is difficult to interpret and whose input-output

relationship lacks transparency are referred to as black-box models.

Physics-based model (also called a mechanistic model)

A model constructed based on scientific principles such as physical laws, chemical reaction
mechanisms, and material balances. Residence Time Distribution (RTD) models, reaction

kinetics models, etc., are included in this category.

Hybrid model
A model that combines a physics-based model and a data-driven model. For example, this

12



category includes configurations in which parameters of a physics-based model are estimated

using machine learning.

Surrogate model
In this document, a surrogate model refers to a data-driven model that is built using, as training

data, a dataset obtained through simulations with a reference physics-based model that is difficult
to use directly and repeatedly because of its computational load or evaluation time, or a data-
driven model trained to mimic the behavior of a reference physics-based model. By
approximating the input-output relationship of the reference physics-based model, it enables
predictions at a lower computational load or in a shorter evaluation time. It is also referred to as
a metamodel or an emulator. A surrogate model may be used on its own, or as a component of a
hybrid model for the purpose of replacing the reference physics-based model, in whole or in part,

within the defined scope of the Context of Use (COU).

< Terms Related to Verification and Validation>

Model validation

A task aimed at evaluating the robustness of the model and the adequacy of its performance.

Model verification

A task aimed at ensuring that user-generated code for processing the data and conducting the
analysis (i.e., instructions written by the user of a programming language or software) is free of
errors, that equations reflect the model assumptions, that the equations are correctly represented

in the programming language or software, and that calculations are accurate.

Analytical procedure validation

Demonstrating that the analytical procedure is fit for its intended use.

Analytical procedure verification

Confirming that the analytical procedure consistently meets the objectives and goals (target

profile) of analytical procedure development in the laboratory where it is routinely used.

Process validation

Verifying and documenting that the process operates under the acceptance conditions established
by considering factors affecting product quality (e.g., physical properties of raw materials,
operating conditions) based on the results of scale-up/industrialization studies and manufacturing

experience with similar existing products, and that it is an appropriate process that consistently
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yields products of the required quality.

Process verification

Confirming and documenting that the manufacturing procedures and related activities have

produced the expected results.

< Terms Related to Data>

Training data
Data that is used to train the model and is not part of the test data.

Tuning data
Data that is used to select and optimize the model and is not part of the test data.

Test data
Data that is not used to train or tune the model, and is used after training and tuning to estimate

the model's performance.

4.  Model Evaluation Flow
The model evaluation flow is as follows:
Define the Question of Interest (QOI).
Define the Context of Use (COU).
Assess model risk based on Model Influence (MI) and Consequence of Wrong Decision
(CWD).
Establish and execute a Model Verification and Validation (V&V) plan.

Based on the results of V&V and Uncertainty Quantification (UQ), determine whether
the model is appropriate for the COU, i.e., assess model credibility.

@ ©6 6606

Document the results.
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Definition of QOI

Model Evaluation Flow

*Define the QOI

¢Define the COU

* Assess the Model Risk (MI X CWD)

*Establish and execute the V&V plan

*Determine the model credibility

*Document

The question that the model is intended to answer.

Definition of COU

The role and scope of the model used to answer the QOI.

[Role] Describe what is to be modeled, how the model outputs are to be used, and the decision-

making workflow, including who decides the next action and how, based on the model

outputs.

[Scope] Specify the scope of application of the model based on the range of data used to build
the model (range of input variables, types of products and processes, etc.). Also describe,
from the perspective of the relative contribution of other evidence, whether other
information (e.g., verification experiment data, manufacturing experience data,
measured values obtained using analytical procedures) will be used together with the

model outputs, or whether the model outputs will be the sole source of information.

Model Risk Assessment
Model risk is determined by combining the contribution of the model outputs to the overall body

of evidence for a given decision (Model Influence: MI) and the consequence resulting from a

wrong decision (Consequence of Wrong Decision: CWD).
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MI: The intended weight of the model outputs in decision-making, after taking into account the

contribution of additional data or evidence.

High The model outputs serve as the dominant basis in decision-making in relation
to other contributing evidence, and no independent evidence exists that can

counter them.

Medium | Not classified as either High or Low.

Low The model outputs are complementary information referenced as one of
multiple independent pieces of evidence, and other evidence contributes to the

decision with weight equal to or greater than that of the model outputs.

(Note) In the assessment of MI, consideration should be given not only to the model outputs but
also to the presence of other independent evidence (e.g., in-process control tests, final product
tests) and the extent to which such evidence contributes to the decision in question. When such
independent means of verification exist, the model outputs are no longer the sole basis for the

decision, and therefore MI may be evaluated as relatively low.

CWD: The potential adverse consequences of a wrong decision made based on all available
information. It is assessed by taking into account both the potential severity of an adverse

outcome and the likelihood that an adverse outcome will occur.

High A wrong decision may directly cause adverse effects on patient safety (health
hazards) or efficacy or may impair a Critical Quality Attribute (CQA), resulting
in major regulatory actions (such as product recall). Such outcomes are

sufficiently plausible considering all available information.

Medium | Not classified as either High or Low.

Low A wrong decision does not affect, or has only a low likelihood of affecting,

CQAs, Critical Process Parameters (CPPs), or patients directly.

(Note) Even when severity is high, CWD may be assessed as Medium in some cases if likelihood

is low.
Model Risk Classification
CWD Medium CWD Low
MI High Medium
MI Medium Medium Low
MI Low Medium Low Low

(Note 1) The above matrix provides a general guide for judgment under normal circumstances. When
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making determinations for each category, the rationale should be documented.

(Note 2) Detectability of an incorrect decision is not a factor for retrospectively adjusting model

risk. However, when independent means of verification (e.g., in-process control tests, final
product tests) exist, the model outputs are no longer the sole basis for the decision, and
therefore the existence of such means of verification may be considered in the setting of the
COU and in the assessment of MI. Furthermore, control measures related to Detectability may
also be considered as evidence when assessing the credibility of the model and its
acceptability in actual operation. In such cases, the justification of such judgment should be

documented.

(Note 3) Based on the model risk determined in the risk assessment, it should be determined whether

IV.

model risk should be further adjusted based on model complexity, which is an inherent

characteristic of the model.

Model Complexity
Complexity Examples of Models Adjustment of Model Risk
High Black-box models (such as deep | Consider upward adjustment of
learning) model risk assessment (in the

direction of Low — Medium —

High)
Medium | Not classified as either High or Low Maintain the model risk assessment
Low Linear models such as PLS/PCR, or | Downward adjustment of model risk

physics-based models based on first | assessment may be considered (in
principles the direction of High — Medium —
Low)

(Note) The above criteria are illustrative standards intended to enhance the consistency of
judgment, and should be flexibly interpreted according to the characteristics of individual
models and the context of their use. For the complexity of a hybrid model, the complexity

rating of the dominant component, whether physics-based or data-driven, should be adopted.

Model Verification and Validation (V&V) Plan for Assessing Model Credibility

The objective of V&V is to assess the credibility of the model, and this credibility assessment
should be performed for all models regardless of the model risk. When the model risk is low, the
scope and depth of V&V may be reduced, but the assessment itself should not be omitted. The
items shown below are examples of matters to be considered when establishing a V&V plan, and
not all items are mandatory for all models. Applicable items should be selected according to the

type of model (data-driven / physics-based / hybrid), the COU, the model risk, and the complexity
17



of the model.

[General Items]
Description of the model assumptions.
Description of the "type and structure of the model" (an overview of the model's algorithm
and architecture) and the "scientific rationale for model selection" (explanation based on the
characteristics of the target phenomenon and data).
Description of the model training method.
Description of the type and distribution of the training and tuning data used to build the
model as well as the data size and hyperparameters.
Justification of data pre-processing and variable selection.
Robustness and limitations of the model.
Data coverage with respect to the model’s scope of application defined in the COU,

including the design space, where applicable.

[Model Verification Items])
Software quality assurance.
Verification that user-generated code and numerical algorithms correctly reflect the model
equations, assumptions, and specifications and function as intended (including, where
applicable, verification against known solutions, benchmark comparisons, comparisons
with independent implementations, unit testing, recalculation, etc.).
Assessment of computational error. When a numerical approximation method is used to

solve the model, this includes assessment of the accuracy of the approximation.

[Model Validation Items]
Description of the appropriateness of the test data (independent of the training and tuning
data).
Description of whether the training, tuning, and test data are representative of the COU
(distribution, bias, etc.).
Model evaluation methods (performance metrics).
Degree of agreement between model predictions and observed data.

Uncertainty of model predictions.

[Items According to the Type of Modeling Methodology]

Important items for data-driven models:

Evaluation of generalization performance (the extent to which the model can make accurate
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predictions or decisions on test data) using methods such as cross-validation.

Assessment of model interpretability and explainability.

Important items for physics-based models:

Justification of the physical laws, chemical reaction equations, etc., that form the basis of
the model.

Description of the method used to estimate model parameters from experimental data, and
the accuracy of the estimates.

Evaluation of computational error and stability in simulations to confirm that the numerical
solution converges to a specific value without diverging (i.e., tending toward positive or

negative infinity) or exhibiting unacceptable oscillations.

Important items for hybrid models:

In addition to the important items for data-driven models and physics-based models described
above, the following also apply:
Respective roles of the data-driven model and the physics-based model.
Description of whether both model components are trained using the same dataset or
different datasets.
When the whole or a part of the physics-based model is replaced with a surrogate model,
assessment of whether the surrogate model reproduces the reference physics-based model

with adequate accuracy for the COU.

(Note) When a validated computerized system (a system for which computerized system validation
(CSV) has been performed) is used, the software quality assurance requirements in the V&V
plan may be considered to be satisfied by that CSV. In such a case, the developer should
demonstrate that the intended model has been correctly implemented in that system. In
addition, for open-source software and libraries, taking into account their track record of use,
transparency and reproducibility of the methodology should be ensured by clearly specifying
the programming language, execution environment, library names and their versions, and the

functions used.

V. Determination of Model Appropriateness for the COU (Model Credibility)
To determine whether the model is appropriate for the COU with respect to the model predictions
for the COU and the appropriateness of the model’s contribution to the decision, based on the
pre-defined technical criteria, V&V results, and UQ, at least the following matters should be

described.
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Pre-defined technical criteria (acceptance criteria or decision criteria to be evaluated in

V&V).

Summary of V&V results and conformance to the above technical criteria.

The UQ methods, assumptions, and results, including their impact on predictions and on the

contribution of the model.

Assessment of the applicability of the evidence obtained through V&V and UQ to the COU.
Based on the above, a final determination as to whether the model and its predictions are

appropriate and acceptable for the COU and can be used to answer the QOL.

(Note) UQ in this document refers to quantitatively evaluating how sources of uncertainty in model
predictions (e.g., measurement error, parameter estimation error, and numerical computation
error) propagate to and affect model outputs. The required rigor of UQ depends on the model
risk and the COU.

VI. Documentation
The above information should be compiled and documented. In doing so, the regulatory

positioning of the model should be clearly stated.

Classification

Example of Contents

The model is not used directly in manufacturing
or decision-making, and is used only for process
understanding and condition exploration (it may

be related to regulatory matters as a result)

Optimization of conditions during the

development stage, efficiency improvement of

experimental design

The model outputs are directly included as the
basis of approved matters (control strategy,

design space, etc.)

Real Time Release Testing, real-time process

control (at the marketing authorization
application stage or upon post-approval
implementation)

The model operates under GMP control at the

manufacturing site but is not directly included in

approved matters

Deviation investigation support, internal quality

control  tools (within the scope of

Pharmaceutical Quality System/GMP)

When the model outputs are directly included as the basis of approved matters (control
strategy, design space, etc.), or when they are indispensable to support the justification of
the control strategy, they are to be included in the marketing authorization application
dossier (Common Technical Document: CTD).

When the model operates under GMP control at the manufacturing site but is not directly
included in approved matters, there is generally less need to include it in the CTD; however,

the relevant materials should be made available to be presented upon request by regulatory
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authorities.

When model risk is High, the following information should also be included:

®

© ©

A plan to monitor whether the model’s predictive performance has deteriorated over
time (model drift). The monitoring plan may include, for example, methods and
frequency for continuously monitoring model performance and for detecting model
anomalies or performance deterioration. Monitoring of model drift is desirable not only
for models with High model risk but also for models with Medium model risk when
the model is applied to the manufacturing process over an extended period. When
model drift is identified, whether the model’s performance remains appropriate for the
COU should be re-evaluated. Based on the evaluation results, whether the model can
continue to be used and whether retraining or revalidation is necessary should be
determined. If the response to drift involves a change in the COU, model risk should
be re-assessed based on the revised COU.
Triggers, procedures, and revalidation criteria for retraining or updating the model.
A response plan to be followed if model anomalies or unexpected performance
deterioration are detected. The response plan may include, for example, the following
elements:
Criteria and procedures for deciding whether to discontinue use of the model.
Procedures for switching to alternative decision-making or conventional methods
(fallback procedures).
Methods for coordination with the GMP quality system, including deviation

management and change management.
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