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Abstract of Dissertation

A Tolerance-based Approach for Validating Analytical Methods Using Design of
Experiments

The ISO 15288-2015 technical processes of verification and validation are essential
to ensuring systems are built correctly (the "verification") and the right systems are built
(the "validation") [1]. While it is intuitive to think of systems as physical objects that can
be easily measured with classical tools such as physical checking, testing, and
demonstration, many modern systems are microscopic or molecular in nature, and
measuring and assessing them poses huge difficulties. However, even molecular-scale
systems, such as complex pharmaceuticals, must be rigorously tested because changes in
formulation or function can lead to significant risks for the end-users. The increased
importance of precision, particularly with the development of molecular-scale engineering
and manufacturing, has driven the systems engineering community to develop robust
verification and validation techniques for molecular level systems. These established
systems engineering methodologies are applied here in this research to the pharmaceutical
industry, filling gaps in published analytical method validation methodologies. A tolerance-
based, Design of Experiments (DOE) approach, proven successful in the field of
engineering in the past, is used and adapted here to pharmaceutical analytical method
validation. This strategy enhances reliability by fully addressing variability and robustness,
imposing strict tolerance limits for acceptance, and significantly expanding the efficiency
and coverage of pharmaceutical validation testing. The study demonstrates this integrated
approach on a analytical method validation use case and demonstrates its applicability and

potential for general biopharmaceutical industry adoption.

Vi



Statistically reliable analytical method validation is essential in pharmaceutical
manufacturing for generating accurate and reproducible results, thereby ensuring
regulatory compliance, meeting quality assurance requirements, and maintaining
consistent product development. Unfortunately, the standard traditional methods of
validation do not account for the variation in the data compared to the assay range or
specification limit. This could lead to an inconclusive judgment regarding the alternative's
applicability for its intended purpose, especially for lower concentrations of active
pharmaceutical ingredients (APIs), excipients, or impurities within a drug product.

This study aims at overcoming the current limitations by implementing a tolerance-
based DOE approach to analytical method validation and provides evidence of the
technique's efficacy in validating the analytical method for polyethyleneimine (PEI) and
sodium butyrate (NaBu), impurities of viral vector drug products. The method emphasizes
the variation around the allowable tolerance margin or design margin instead of the average,
leading to optimal experimental designs with the least number of samples analyzed.

To validate the analytical method, high-performance liquid chromatography
(HPLC) was implemented to determine the accuracy, repeatability, and intermediate
precision of low-concentration components. Through validating the analytical method with
the traditional validation approach, the method derived by the tolerance-based DOE
approach measured the variability more accurately and was able to clarify errant
interpretations for selected parameters, which are commonly skewed by average-based
calculations.

This framework not only ensures the method's fitness-for-use by correctly assessing

the variability around the allowable tolerance limits but also assists in making more
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informed decisions and strengthens the overall quality control process toward consistently
producing safe and effective pharmaceutical products. The tolerance-based DOE approach
demonstrates significant advancements in this area with regard to low-concentration

analysis.
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Chapter 1 — Introduction

1.1 Background

Analytical methods, ranging from simple titrations to complex chromatographic
approaches, are essential for quality assurance in the pharmaceutical sector, assuring that
products perform as intended and are safe for consumers [2,3]. This underscores the
significance of data collected by these analytical techniques being both precise and
accurate for the pharmaceutical industry, being of even higher importance in the
biopharmaceutical arena that is experiencing rapid growth and requires a heightened degree
of analytical scrutiny due to the complexity of biologics and advanced therapies. Biologics,
including monoclonal antibodies, recombinant proteins, and gene therapies, are more
complex due to their high molar masses, structural intricacies, and propensity for
degradation and variance during production and storage. As a result, these therapeutic
modalities require highly sensitive and powerful analytical techniques that can identify
even subtle variations or impurities in a drug’s composition that could cause exaggerated
effects on drug safety or patient health.

These dependable analytical methods have major implications across drug
development, manufacturing, and quality control by informing key decisions through the
stages of each drug’s life cycle. For instance, the development of therapeutics within
preclinical and clinical phases requires the utilization of analytical techniques to conduct
optimization studies for drug formulation, formulation stability assessments,
pharmacokinetic studies, and characterization of APIs (Active Pharmaceutical Ingredients).
However, in manufacturing plants, validated analytical methodologies are critical for

monitoring drug production, ensuring consistency between batches, and detecting



contaminants or impurities that can adversely affect consumers. Furthermore, different
analytical methods are utilized in quality control labs to characterize identity, purity level,
potency, and stability of each tested drug prior to its distribution in markets.

It is important to clarify that terminology used for pharmaceutical method
validation is slightly different from standard definitions utilized in Systems Engineering.
In the pharmaceutical context, validation refers primarily to confirming that analytical
procedures function reliably in line with set specifications and acceptance criteria. This is
very close to what systems engineers refer to as verification — ensuring the system has
been built correctly and conforms to specified requirements. Conversely, what Systems
Engineering refers to as validation, is that the right system is built and that it meets the
intended real-world requirements, is more analogous in the pharmaceutical industry to
clinical trials. Clinical trials determine whether the drug product fixes the intended
therapeutic problem correctly. Hence, while phrasing is diverse, the essential principles are
consistent: analytical method validation in pharmaceuticals corresponds to Systems
Engineering verification, and clinical trials of pharmaceuticals correspond to Systems
Engineering validation.

Internationally recognized regulatory institutions, such as the U.S. Food and Drug
Administration (FDA) and the International Council for Harmonization (ICH) of Technical
Requirements for Pharmaceuticals for Human Use, have issued extensive guidance for
Analytical Method Validation (AMV), establishing it as a priority for the pharmaceutical
industry [4-6]. These guidance documents address important parameters for validation,
including specificity, accuracy, precision, linearity, range, detection limits, quantitation,

limits, robustness, and system suitability. Validation of analytical methods according to



these guidelines help ensure the methods provide reproducible and reliable results, both of
which are required to safeguard patients while supporting the overall effectiveness of drug
products. It is worth noting that ensuring regulatory compliance with AMV is important
for both gaining marketing authorization for products and to maintain regulatory approval
for products over time as it ensures that the pharmaceutical product is manufactured safely

and effectively to accepted standards.

1.2 Research Motivation

Nonetheless, just because an analytical method has been applied does not guarantee
its outcomes are reliable, and thus careful validation of the suitability of each method for
its intended purposes is essential, emphasizing the necessity of AMV. AMV reflects a
comprehensive and structured process to ensure the reliability, consistency, and accuracy
of the analytical method [7]. The importance of these features is that they lend credibility
to the decision-making process based upon the results produced by the analytical method.
Analytical methods with no measure of reliability can lead to unreliable performance in
drug formulation, inaccurate dosing, or failures in quality control which, together can affect
the safety and effectiveness of the product [8]. Not only can unreliable analytical data yield
ineffective, and sometimes misleading, conclusions concerning clinical trial evaluations of
the benefit-risk assessment, but they can adversely influence any regulatory submissions,
which will have effects on patient outcomes or adherence to regulatory compliance. From
an asset allocation standpoint, unreliable data will, at a minimum potentially waste valuable
material, time, and labor costs, in addition to correctly facilitate funding, and undermine

efficiency, in clinical and research settings. Correct analytical procedures will not only



yield efficient accuracy and precision, but are able to decrease the chance of repetition of
each experiment wherein applying the methods, will avoid erroneous results that are costly;
thereby assisting in the overall solvency of obtaining and supporting a timely decision and
the utilization of limited assets accordingly.

In a highly competitive pharmaceutical market, the costs resulting from delays due
to inaccurate methods can be substantial; they could result in loss of market exclusivity,
increased competition, and reduced profitability. As a result, it is even more essential to
have timely and efficient development of pharmaceutical products, when there are pressing
healthcare needs or the ability to act quickly in public health emergencies. Analytical
methods are validated to enhance manufacturing efficiency, and help ensure regulatory
inspections can be performed without regard to control failures, both of which prevent
disruption of operations and the risk of potential recalls or market withdrawals that may
lead to a greater loss of net revenue or market share. Pharmaceutical companies that
consistently apply robust analytical method validation processes establish reputational
value by showing commitment to product quality, patient safety, and regulatory compliance
and excellence which establish stakeholder value for both the company and product within
the market. AMV is used not only to have a compliant product and meet the expectations
for quality but also as part of the overall sustainability of pharmaceutical organizations and

in gaining competitive agency.

1.3 Problem Statement
Traditional approaches for analyzing an assay's fit-for-use by the pharmaceutical

industry often fail to account for variability across the entire assay range, as they are based



only on the statistical outcomes of the individual data points obtained from a study [9].
Failing to consider variability in the whole assay range can lead to results that should pass
validation based on consistent performance in real-world scenarios, but instead fail because
of inappropriate data analysis or poorly defined specifications. Traditional evaluation
approaches also struggle with accuracy, repeatability, and intermediate precision when
measuring residual or trace materials [9]. Such approaches often fail to account for
variability relative to the assay range or specification limits, where variability can affect
the fit-for-purpose of the assay [10,11]. Many analytical methods evaluate performance
only at a few concentration levels and do not encompass the entire analytical range. This
can lead to misleading interpretations of the method’s performance, particularly in assays
with significant variability at intermediate concentrations.

A majority of analysts report accuracy as % Bias or % Recovery and repeatability
as % coefficient of variation (% CV) or % relative standard deviation (% RSD) [12-15].
Since % Bias, % CV, and % RSD all represent relative amounts, their validity relies on the
assumption that the errors introduced during the validation of the analytical method are
proportional to their theoretical values. Despite this, bias and standard deviation values can
be independent of the theoretical values, stemming instead from systematic errors, such as
calibration errors, environmental factors, or operator variability. In addition, while % CV
may provide some insight into whether variations at a specific concentration tested are
within its specification limits, % CV does not guarantee that intermediate values between
the highest and lowest concentrations tested would also meet the specifications, since each
value is an independent estimate on a different basis. This would potentially compromise

the robustness and generalizability of analytical method validation results therefore



increasing the risk of non-compliance with regulatory requirements and poor quality
control in pharmaceutical manufacturing [3].

In addition, the current design is considered inefficient since each AMV attribute
requires a separate set of samples. Inflexible validation designs can be susceptible to
repeated replication while testing different sets of samples, reducing the overall efficiency
[9,16,17]. This would be remedied by using DOE since one set of samples can be used to

test multiple AMV attributes simultaneously.

1.4 Research Objectives and Hypothesis

The goal of this study is to develop and validate a tolerance-based DOE approach
for AMV adapted from product engineering that will improve accuracy, precision, and
robustness and still meet the ICH Q2(R1) guidelines. By using historical assay data to
establish statistically justified tolerance limits, the new approach will address variability
within assay range and improve validation practices. The DOE methodology combines a
number of test requirements within one set of samples, making efficiency possible and
providing better statistical foundations. The combination significantly reduces the
consumption of resources, such as materials, laboratory time, and labor, which decreases
cost and enhances productivity. The new technique also provides a more uniform
assessment across the whole range of assays, which increases reliability in the performance
of intermediate concentration values that are normally disregarded by traditional
techniques.

This study hypothesizes that the tolerance-based DOE approach will provide more

robust analytical test methods that better meet regulatory expectations and real-world



demands than traditional validation practices used by the pharmaceutical industry. We
anticipate that the use of historical assay data within the validation will refine tolerance
threshold accuracy, resulting in analytically consistent results and facilitating better

decision-making in drug development and quality control processes.

1.5 Scope of Research

The study's scope largely involves the utilization of the tolerance-based DOE
validation method for the validation of chromatographic analytical procedures, particularly
popular ones in the analysis of biopharmaceuticals. Examples of such techniques are the
measurement of APIs and trace impurities in complex matrices. Chromatographic methods
such as high-performance liquid chromatography (HPLC), and ultra-performance liquid
chromatography (UPLC), which are routinely employed in pharmaceutical assay
development and quality control laboratories, will be addressed due to their widespread
application and regulatory significance. The research will also cover challenges
encountered during the validation of methods for the determination of residuals,
degradations, and process-related impurities, which are significant to the safety and
efficacy of pharmaceuticals.

The research will employ representative drug substances and excipients typical of
small molecule drugs and biologics, under analysis conditions common in pharmaceutical
quality control settings. Biologics, being special in that they possess complex molecular
structures, are heterogeneous, and sensitive to analysis conditions and thus need tailored
validation procedures, will be of particular interest. Besides, the scope is also to study the

analytical performance within a broad range of concentrations from trace impurity of a



very low level up to therapeutic concentration range of APIs, to ensure robustness and
versatility of the conceived validation strategy in an extensive analytical range.
Regulatory guidelines referenced will be primarily FDA and ICH guidelines [4—
6,18], specifically ICH Q2(R1), as these provide comprehensive and well-accepted criteria
for analytical method validation. The research will assess whether the tolerance-based
DOE methodology introduced is in line with these regulatory guidelines to ensure
compliance while enabling reasonable improvements in efficiency and reliability in
validation. By addressing both issues of practical implementation and regulatory
compliance, this work tries to present a validation strategy with general applicability to
various analytical settings in the pharmaceutical industry, thereby facilitating improved

quality assurance and decision-making.

1.6 Research Limitations

Limitations of the current study may lie in limitations on the basis of availability of
data from historical records, which would limit depth and extent of statistical analysis.
Variability, completeness, and consistency in historical data may also influence
identification of statistically valid and accurate tolerance ranges. Further, the
implementation of tolerance-based strategies into current laboratory infrastructures might
present challenges as additional requirements in terms of particular training, changing well-
established standard operating procedures (SOPs), or acquiring additional resources and
computer programs to analyze data. Another limitation concerns the broader

generalizability of the proposed method beyond chromatography because methods such as



spectroscopic techniques, electrophoresis, or immunoassays might pose special validation
problems not fully addressed by the current methodology.

Also, considering pragmatic limitation of resources, the tolerance-based DOE
strategy strength is not going to be extensively validated against all practical analysis
variations encountered in industrial use. Such limitations can hinder generalizability of the
results to specific conditions, materials, or ranges not explicitly examined in this research.
Regulatory approval of novel validation techniques is also known to require additional
supporting information and in-depth comparative investigations, which could impede
adoption in the near future. Subsequent research can expand on these initial findings by
using a larger variety of pharmaceutical compounds, additional analytical procedures, and
extended validation conditions to completely ascertain the universal use and benefits of the
tolerance-based DOE methodology in pharmaceutical analytical procedure method

validation processes.

1.7 Dissertation Organization

This dissertation is structured to accomplish the intended research goals
comprehensively through the following chapters:

Chapter 1: Introduction — This chapter provides background information on
analytical method validation, clearly demonstrates the research problem and motivation,
specifies research hypotheses and goals, and establishes the scope and limitations of the
research.

Chapter 2: Literature Review — This chapter presents an extensive review of current

literature regarding validation of analytical procedures, DOE, and tolerance interval



applications. It critically analyzes existing validation procedures and the gaps that this
research aims to fill.

Chapter 3: Research Methodology — This chapter describes the experimental design
and setup, the construction and reasoning behind the tolerance-based DOE validation
method, and the analytical procedures and statistical methods used.

Chapter 4: Experimental Implementation and Case Studies — This chapter
consolidates all materials, apparatus, and procedure details for the case study validations.

Chapter 5: Results and Analysis — This chapter displays results obtained in the
validation experiments and contrasts these findings to compare the performance of the
tolerance-based DOE method against traditional validation techniques.

Chapter 6: Discussion and Conclusions — This chapter discusses primary findings
and contributions to practices of analytical method validation, evaluates their implications,
provides recommendations for pharmaceutical industry practice and regulatory compliance,
and recommends areas for future research to address existing gaps and enhance the overall

generalizability of the findings.
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Chapter 2 — Literature Review

2.1 Current Approaches for Analytical Method Validation

AMV is the process of demonstrating that an analytical method is valid for its
application and consistently provides consistent results [19]. For the pharmaceutical
industry, validation techniques carried out as routine consider determination of significant
performance parameters of a method usually laid down by the regulatory specifications.
The parameters include linearity, range, accuracy, repeatability, intermediate precision,
specificity, limit of detection (LOD), and limit of quantification (LOQ). Each parameter
addresses a critical component of the performance of the method and together ensure that
the method will give good data for release and drug testing. All these validation parameters
are checked using a series of laboratory practices in a standardized protocol of validation.

Typically, a validation plan will include actions such as system suitability tests,
calibration curve preparation for linearity, replicate sample analysis for repeatability and
intermediate precision, and spiked recovery tests for accuracy [3]. The experiments are
designed to qualify the method and check if the data are within the acceptance criteria for
each parameter. For example, to ensure accuracy and repeatability for an assay, an analyst
will make six independent preparations at 100% of the test concentration and run each to
determine repeatability, as well as prepare spikes at 80%, 100%, and 120% of the test
concentration to determine accuracy. If six replicates % CV is below the established limit
and recoveries fall within a specified range, the data is considered precise and accurate [20].
In addition, intermediate precision, or ruggedness, is assessed by using the method under

different conditions, such as different analysts, instruments, labs, or days, to confirm
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consistency over time and between differences in operation. Existing AMV practices are
constructed to guarantee that the analytical technique is compliant with regulatory
requirements of reliability.

By rigidly verifying every parameter, pharmaceutical laboratories demonstrate that
the procedure can always provide results that reflect the true properties and quality of the
drug product (Figure 2.1) [19]. All validation experiment results and data are documented
in a validation report, which is part of the method's regulatory filing or internal validation
document. This set of validation documentation provides evidence to auditors that the
method will generate reproducible information when used in day-to-day testing. For
example, regulatory guidelines like the FDA and ICH Q2(R1) specify the documentation
procedures firmly, emphasizing transparency and traceability of the validation results. Such
documented records are also helpful in future operations of revalidation of methods,
method transfer to other laboratories, and troubleshooting in case of method performance

1ssues.
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Develop and document a validation plan or SOP
Clearly define the analytical method’s scope, purpose, and intended use
Identify and outline key performance characteristics
Plan and detail validation experiments to be conducted
Verify operational and performance suitability of instruments
Qualify materials, standards, and reagents utilized in validation
Conduct preliminary validation experiments
Make necessary adjustments to method conditions based on preliminary results
Prepare SOPs for routine method execution
Establish clear criteria for when method revalidation is required
Implement routine analytical quality control checks

Document all validation activities and results comprehensively

Figure 2.1: Steps in Analytical Method Validation [19]

System suitability tests are also performed on a daily basis prior to sample analysis

to confirm that the method and operation system of the method are in good working
condition. For example, a solution of a standard is used to confirm that an HPLC system is
within resolution and repeatability threshold. The tests, along with the initial validation,
establish the reliability of each result reported [21]. Moreover, routine method checking

and trending analysis are usually set up to identify potential deviation of method
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performance in advance. Maintenance and calibration schedules for routine prevention and
analytical equipment calibration are also included in maintaining validated methods and
ensuring continued performance along the method life cycle (Figure 2.2) [3]. Through this
systematic approach, AMV methodologies ensure that analysis data meet the
pharmaceutical development and manufacturing standards of high quality and integrity

required for pharmaceuticals, thus ensuring patient safety and regulatory compliance.
New Method

Development
Required

Method
Development

Method Revalidated and
Validation Updated

Routine Method
Application

Method
Modification

Figure 2.2: Lifecycle of Analytical Method Development and Validation [3]

2.2 Regulatory Guidelines for Analytical Method Validation
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Regulatory agencies across the world have provided guidelines to simplify how
analytical method validation is done. The most influential is ICH Q2(R1) guidelines
“Validation of Analytical Procedures: Text and Methodology Guidance for Industry” [4],
which sets a standard guideline and has been used by major regulatory regions, such as the
Unites States (US), European Union (EU), and Japan. ICH Q2(R1) brought two earlier
guidelines — Q2A, which addressed validation principles, and Q2B, which provided
methodology — together as one guideline. The guideline defines the validation parameters
and gives general guidance on how to evaluate each of them for a range of analytical
methods. ICH Q2(R1) is currently the recommended basis of analytical method validation
requirements globally by the pharmaceutical industry.

For example, the US FDA adopted ICH Q2(R1) word for word as its industry
guideline for analytical procedures. In practice, this infers that if an analytical procedure is
validated in line with ICH Q2(R1), it would comply with FDA requirements. The European
Medicines Agency (EMA) and other ICH regulators likewise harmonize in line with ICH
Q2(R1). The aim of these guidelines is to create a standard, therefore a pharmaceutical
company does not need to create validation parameters individually for each region
because one single validation per ICH Q2(R1) will be acceptable in many large markets.
The important points of ICH Q2(R1) are definitions of the validation parameters,
suggestions of the minimum number of determinations, and acceptance criteria
considerations. It includes several types of tests, including identification tests, quantitative
tests for impurities, limit tests for impurities, and quantitative tests for APIs.

Depending on the proposed use of the analytical procedure, not all of the parameters

will require validation for a certain method. A quantitative limit test for impurities might
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require specificity and LOD, but conceivably not linearity or range. The guidelines provide
a decision tree to help determine which of the validation characteristics are required.

For linearity, the ICH Q2(R1) recommends at least five concentrations to establish
a linear curve. Calculations of the coefficient of determination (R-squared value), y-
intercept, slope of regression line, and the sum of squares of residuals should be reported.
This testing should be across the entire range applicable for the method and present a linear
relationship throughout [4].

The range is usually set through linearity studies and should be tailored to the fit-
for-use of the method. Pharmaceutical products’ testing typically covers 80 to 120 percent
of the target concentration, making the method suitable within the assay range [21].

Accuracy or bias refers to the closeness of the average of repeated measurements
to the true value. This involves a minimum of nine determinations across at least three
concentration levels in the specified range. Accuracy is commonly reported as percent bias
(% Bias) or percent recovery (% Recovery) [22]. These concentrations should be set across
the method's specified range and reported as percent agreement to demonstrate the
method's ability to measure analyte’s concentrations. Accuracy is important in ensuring
that the method generates reliable results which are required in making correct decisions
related to assay qualifications.

Repeatability tests the reproducibility of measurements from samples under the
same conditions but at different times, correcting for random error [23]. It is usually
reported by standard deviation, percent coefficient of variation (% CV) or percent relative
standard deviation (% RSD), on the basis of at least nine determinations on three

concentrations within the range or six determinations at 100% of the test concentration.
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Intermediate precision is tested to find differences in days, analysts, equipment, or

labs, commonly achieved by employing DOE [24]. Accurate data on a regular basis

guarantees that the method produces reproducible and reliable results, which is vital for the

credibility of the analytical process. In traditional validation approaches, intermediate

precision data are recommended to be reported as standard deviation, % CV, or % RSD,

highlighting the reliability of the method under varying conditions.

Besides ICH Q2(R1), other international guidelines and standards further support

standardized requirements for validation:

The FDA has made “Analytical Procedures and Methods Validation for Drugs and
Biologics” [5], which is publicly available and harmonized with ICH Q2(R1), as
well as with more emphasis on concepts of method development and life-cycle
management. It specifies that characteristics such as specificity, linearity, LOD,
LOQ, range, accuracy, and precision need to be evaluated in testing while validating
the analytical procedure during method development. The FDA guidance also
includes U.S. regulation 21 CFR Part 211 Good Manufacturing Practice
requirements to be scientifically valid and appropriate for the intended use in test
methods.

United States Pharmacopeia (USP) has general chapters <1033> Biological Assay
Validation [25] and <1225> Validation of Compendial Procedures [26], which
describe validation parameters similar to ICH Q2(R1). USP <1225> lists accuracy,
precision, specificity, LOD, LOQ, linearity, range, and robustness as characteristics
to be taken into account, in accordance with ICH Q2(R1) terminology. USP is not

regulatory in nature but is enforceable for official compendial testing and is widely
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accepted globally. It ensures universal consistency among analytical method

validation procedures.

e The World Health Organization (WHO) has guidelines in its Technical Report
Series (e.g. TRS 943, Annes 3) for the validation of analytical procedures, which is
also largely harmonized with ICH Q2(R1). This guideline is particularly influential
for countries that are reliant on WHO guidelines or not directly part of ICH.
Pharmaceutical companies can be sure that their analytical procedures align with

the requirements of multiple regulatory organizations at the same time by following ICH
Q2(R1) and other guidelines. These guidelines have been able to standardize validation
requirements to the extent that regardless of where a drug product is being submitted or if
it is in the US, EU, Japan, or some other country, their validation reports would be
examined based on the same criteria.

Regulatory advice is still evolving. The ICH is updating the Q2 guidelines to
accommodate modern analytical techniques and to harmonize with a new guideline ICH
Q14 “Analytical Procedure Development” [27]. New guidelines will bring new concepts
about method lifecycle management and greater flexibility, e.g., the introduction of the
Analytical Quality by Design (AQbD) approach for analytical method validation. Despite
the revisions and amendments, the core principles of ICH Q2(R1) are likely to be preserved
and transmitted. The regulatory bodies note that based on current ICH guidelines and any
duly authorized revisions is necessary in the validation of an analytical procedure. Briefly,
ICH Q2(R1) and the counterparts (FDA, USP, WHO, etc) have a precise definition that
guides the manner to validate an analytical method and what data to document. The labs

are “by the book” in their validation processes if they adhere to these standards. An
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analytical procedure validated under such stringent guidelines puts reviewers and auditors
at ease with the data generated, facilitating it to be approved and quality control the drugs

within the global markets.

2.3 Limitations of Traditional Analytical Method Validation Approaches

Traditional AMV methods are reliant to a large degree on measurement of
performance at multiple different levels of concentration and utilize relative statistical
procedures like % CV and % Recovery to make judgments of acceptability. Linearity is
typically assessed by testing on a five-point calibration curve (e.g., 50%, 75%, 100%, 125%,
150% target concentration), and accuracy is confirmed at a few levels with recoveries given
as percentages [14,15,28-30]. While such point-to-point measurements are easy to read,
they measure but a snapshot in time regarding method performance and cannot be relied
on to qualify the method as acceptable for use across the entire range of assays between
and beyond the levels tested [31]. Five-point calibration or three spike points passing specs
does not necessarily guarantee that any concentration within the allowed range will be
precisely and accurately measured under normal use. It has been said that regression
statistics (e.g., high R? or low % CV at those points) alone are insufficient to validate
linearity or consistency across the whole range [32]. Best practice would be to check
residuals or goodness-of-fit to actually test for linear behavior, while routine validation
techniques usually employ the lowest number of points the guidelines recommend [4] and
even do not attempt testing for curvature or other irregularities. This restriction does not
reveal small non-linearities or concentration-dependent biases, which compromises the

“fit-for-purpose” demonstration of the technique.
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Another significant disadvantage of the employment of relative measures like %
CV and %Recovery is that they necessarily involve the assumption that errors scale with
amount of analyte, an assumption which fails at low levels. In practice, analytical errors
tend to include a constant contribution, for example instrument noise or background
interference, that generates excessive relative error at the low end of the range. For example,
if there is a slight constant bias to a procedure, i.e., a blank can have a small analyte signal
or there is a constant reagent impurity, then such a bias will be insignificant at high
concentration but will constitute a huge proportion of a low concentration signal. Percent
recovery for an analyte at low level may thus be well outside acceptable boundaries despite
the small absolute error in practical terms. Concurrently, the % RSD (or % CV) increases
dramatically when the concentration decreases, something well represented by the Horwitz
curve for analytical methods [33]. The Horwitz equation shows variability (coefficient of
variation) can increase exponentially at trace levels of concentrations, and it is therefore
not possible in nature to achieve a low % CV in low-concentration analytes. Traditional
validation criteria do not take this fact into account. They might apply strict % CV or %
Recovery requirements across the whole range, unfairly penalizing the method's
performance at the low end or giving a false sense of security at the high end. Moreover,
inaccuracy and bias at low levels tend to arise from systematic mistakes, like inappropriate
blank subtraction or matrix effects, and not purely random noise, contradicting the
assumption that error is simply a proportion of true value.

Apart from these technical constraints, the traditional AMV process is notoriously
time- and resource-intensive. Each validation parameter usually requires an individual

experiment with specially prepared samples. Linearity studies require running several
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standards across the range, accuracy studies require spiked samples at low, medium, and
high concentrations, repeatability requires multiple replicates of one sample, and
intermediate precision requires repetition on alternate days or with alternate analysts and
equipment [4,14,28,30,34,35]. Conducting all these tests independently can consume large
quantities of reagents, reference materials, and sample matrix, not to mention analyst time.
For example, in one case study, a traditional approach for early-phase validation may utilize
five levels of concentrations of 50%—150% nominal for linearity and perform accuracy and
repeatability measurements separately at these levels, which would yield about 26 sample
preparations. This does not include the DOE design for intermediate precision, which
requires another analyst to be involved, and to test on different days and preferably on
different instruments or in different labs. This type of effort clearly strains laboratory
resources and extends development timelines. In addition, since the experiments are
isolated within parameter, there is redundant effort; one is essentially re-assessing the same
method numerous times for various dimensions of performance, though the data can be
cross-linked. Compartmentalized testing also results in analysts needing to set up new sets
of solutions and standards for every parameter, introducing more risk of laboratory errors
and inconsistency across tests. The overall effect is that traditional validation not only takes
valuable time and material, but that it may have a possibility of missing to realize the
method's combined behavior by slicing the analysis into discrete parts.

The emerging agreement among pharmaceutical analytical scientists is that a better
and more informative approach can be derived by using DOE principles to merge
validation studies [24,36]. Instead of tackling linearity, accuracy, repeatability,

intermediate precision, and range as individual tests, a DOE-driven validation designs a
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single well-planned study in which multiple factors are varied in a systematic way. For
instance, the experiment can be conducted with concentration levels as a factor and
experimental conditions such as different days, analysts, or instruments as additional
factors with replicates per combination. This design will offer a complete dataset that can
be analyzed to extract linearity, accuracy, repeatability, and intermediate precision all at
once. Even to focus on a single methodology for a single product, a good DOE can combine
what might otherwise be numerous discrete studies into a single entity. For example, by
placing multiple concentration points and replicate values in a matrix, it can satisfy ICH
linearity, precision, and accuracy requirements at the same time [37]. The payback is
obvious: fewer solvents and samples consumed, less HPLC runs or assay runs, and a faster
total validation program. Notably, this aggregation does not detract from validation
robustness; rather, it tends to yield more insights. A DOE strategy inherently examines
interactions, i.e., how precision may vary somewhat at varying concentrations or in the
presence of varying excipient levels, and hence can identify trends that a one-factor-at-a-
time validation could miss [24]. It is completely compatible with the modern Quality by
Design (QbD) philosophy, seeing method validation as an opportunity to learn about the
method in its entirety and not just tick boxes. Through the collection of more data in a
single well-planned experiment, the DOE method increases the statistical power of the
validation and can even permit the use of more advanced criteria, such as regression models
or lack-of-fit tests, to ensure the method truly does work well over the range of interest.
In summary, the disadvantages of traditional AMV include a reliance on minimum
point-by-point measurements and relative measurements that do not ensure performance

over the assay range, vulnerability of such measurements to skewing at lower concentration
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levels from non-proportional (systematic) error, and inefficient use of time and resources
by validating each validation parameter independently. These have made possible the
formation of more effective and integrated approaches. By using methodologies like DOE-
based validation plan and total error (bias + variability) minimization, researchers are able
to gain a better and representative understanding of method capability with significantly
fewer experiments. These methodologies not only save time but also directly answer the
fundamental question of fitness-for-use sometimes left partially answered by traditional
validation. The evolving regulatory guidance and literature clearly place emphasis on this
shift, with the statement that method validation should evolve from being a checkbox
exercise at discrete intervals to a system-level demonstration of reliability across defined
operating conditions and range. This shift of focus is taking analytical methods towards not

just validated on paper but actually reliable over the course of their life cycle.

2.4 Integration of Design of Experiments in Analytical Method Validation

Over the recent past few years, a paradigm shift toward the application of DOE and
AQbD concepts in method validation and development of analytical methods [34,35,38,39]
has occurred. Traditional analytical method validation utilized one factor at a time (OFAT)
to define robustness testing, and method development may have been trial-and-error. DOE
offers a structured, efficient way to look at a number of factors simultaneously, and when
used in method development and validation, it cuts experimental time, expense, and effort
significantly but provides more information regarding method behavior [39]. DOE, in

contrast to OFAT, not only identifies the most significant parameters in a superior manner
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but also exhibits important factor-to-factor interactions that would remain unrecognized
otherwise.

DOE is able to systematically estimate main effects and interactions, thus allowing
researchers to have a better understanding of the operational parameters and robustness of
the method. In addition, DOE integration in AMV provides quantitative, statistically valid
evidence for regulatory submissions, which enhances method reliability and regulatory
compliance [28].

When combined with AQbD, DOE transforms analytical method development into
a science-based operational domain known as the analytical design space, within which
performance can be assured consistently. AQbD principles encourage thorough prior risk
analysis to identify major method parameters affecting performance and robustness. DOE
then becomes indispensable in systematically investigating these major parameters. For
example, in assay optimization studies, DOE is employed to determine the best values of
factors like pH, temperature, and flow rate in HPLC to achieve maximum performance
(peak resolution, sensitivity, robustness, etc.) [34]. DOE can rapidly and efficiently
determine the best factor level combination with fewer experiments and less resource
consumption compared to traditional methods.

In assay robustness studies, DOE allows for systematic examination of the
influence of small, deliberate differences in conditions of method on performance, rather
than relying on single-factor testing. DOE allows testing of multiple parameters at their
individual extremes in combination to check for any interaction or synergistic effects
[21,28,40,41]. For example, a 2* factorial design would be able to test high/low levels of

column temperature, mobile phase pH, and gradient time simultaneously. This structured
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approach not only ensures robustness but also uncovers interactions, such as how
temperature and pH can together influence analyte retention in a nonlinear manner,
obtaining information OFAT experiments typically fail to.

To provide additional examples, a fractional factorial design or response surface
methodology (RSM) could identify significant method parameters and their interactions
during early method development [42,43]. With statistical and quantitative identification
of the robustness region, DOE also enables a predictive model of the analytical method
performance under varying operating conditions. The predictive capability enables
proactive adjustment of method parameters, which enhances overall reliability and
flexibility.

Currently, intermediate precision assessment typically requires a separate dataset
and duplicate test conditions to determine reproducibility on different days, analysts, and
equipment [4,44]. This can be time-consuming and expensive. Implementing a DOE
framework entirely through different evaluations, robustness, intermediate precision, and
even optimization can be combined into one, well-planned set of data. This combination
would effectively streamline analytical method validation by eliminating redundancy,
saving time, and money, while overall data quality 1s improved.

In a nutshell, DOE is a rigorous statistical tool with increasing popularity across the
biopharmaceutical field to optimize analysis methods and become more efficient
[34,39,44,45]. Such comprehensive and statistically grounded data provided by DOE-
based validation is improving analytical method quality, allowing for better reproducibility

and providing solid foundation for regulatory acceptance and approval.
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2.5 Application of Tolerance-Based Method in Other Fields

Outside of the pharmaceutical analytical lab, other engineering disciplines often
apply tolerance-based specifications to assure quality and to use specific acceptable ranges
rather than single-point percent variation. Tolerance specifications are of supreme
importance to engineering disciplines such as mechanical assembly [46], electronics [47],
and robotics [48]. Tolerance parameters define acceptable levels of dimensional, material,
or performance characteristics variation to keep products within design specification and
perform reliably in target applications [49].

In mechanical engineering, the sizes of parts are specified with allowed tolerance
limits. Rather than requiring a part to be equal to a nominal value with an X% tolerance,
designers specify an upper and lower limit about the nominal. For instance, the shaft
diameter may be specified as 10.00 + 0.05 mm, and thus any shaft with a diameter between
9.95 mm and 10.05 mm will be acceptable. This 0.10 mm total tolerance is considered
normal manufacturing variation [50]. The focus is on the width of the tolerance zone (0.10
mm) that would permit parts to fit and function, instead of a point value. This approach
indicates that no process generates one exact value every time, so the specification should
be a range that establishes acceptable variation. By defining the tolerance (the difference
between the upper and lower spec limits), mechanical assemblies achieve consistent fitness
and performance.

The automotive industry also defines performance specifications in terms of
acceptable limits. For example, a case study on shiftability parameters of a car gearbox
shows tolerance-based specifications in action. Engineers needed to define spec limits on

shift quality parameters controlled by multiple component dimensions. With the statistical
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design of experiments, they found the probability distribution of these measurements and
then set upper and lower specification limits so that 99% of values would fall within that
range [51]. In the gearbox case, the tolerance limits were actually calculated to a 99%
probability level and then checked on prototypes. By making a tolerance interval as the
requirement, the company was able to keep the production process within that interval on
a consistent basis, with reduced risk of out-of-spec (and lower-quality) gearboxes. This
highlights car quality control aimed at total allowable variation in a performance
characteristic, rather than target deviation at a point.

Electronics specifications are always supplied with tolerance. Electronic
components have a specified nominal value with or without a tolerance percentage that
indicates an acceptable range. Like when there is a resistor labeled "100 Q +5%" that is
between 95 Q and 105 Q and still meets its specification. That £5% is the tolerance band
that the producers guarantee. Designers fit that whole spread into circuit analysis in such a
way that even at the extremes (95 or 105 Q) the circuit works. The important thing is that
the spec is the range (95-105 Q) — the resistor will pass if its value is within any point of
that spread. Capacitors, inductors, and other parts also have tolerance spreads (e.g., +1%,
+5%, £10%). In electronics manufacturing, quality control is keeping parts and finished
products within tolerance limits. This is a tolerance-based thinking culture: designers speak
in terms of top and bottom spec boundaries and design guard bands against variation.
In essence, other branches of engineering set acceptance criteria by defining how wide
the acceptable variation is, whereas traditional AMV has a tendency to set criteria as fixed

percentage errors at a point.
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With these technologies — from mechanical to auto to electronic parts — the thread
of similarity is that requirements for performance are based on tolerance. The acceptable
outcome is described by an upper and lower bound (an acceptable range of deviation), as
opposed to a percent deviation from target at a single condition. This preserves quality and
function in the variability of the real world. Applying the same tolerance-based strategy to
addressing analytical method validation would bring the same fortitude seen in these
engineering fields.

While they are normally applied in engineering, tolerance specifications have not
traditionally been applied in the validation of analytical methods. Rozet et al. [52] managed
to demonstrate that tolerance intervals could be applied in in-study outcome prediction and
for determining fit-for-use during validation for the first time, which inspired this work to
take this concept into an entire, tolerance-based validation approach.

The literature review raises significant observations concerning current analytical
method validation practice in the pharmaceutical sector and draws comparisons with
approaches successfully utilized within other engineering disciplines. The pharmaceutical
sector primarily uses traditional validation methodologies that independently verify
performance parameters such as linearity, accuracy, repeatability, and intermediate
precision through point-based measurement. Such traditional procedures, under the
guidance of FDA and ICH Q2(R1) regulatory guidance, can be resource-intensive,
fragmented, and not adequately address variability over the whole analytical range,
especially at lower levels where relative errors can disproportionately impact method
reliability. In contrast, tolerance-based specifications that define acceptable performance

between declared upper and lower limits, rather than single-point targets, are widely
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applied in other fields, such as mechanical and electronic engineering. This tolerance-based
approach inherently deals with real-world variation and guarantees robust and reliable
performance over the operating range. There is, however, a large gap in the pharmaceutical
validation landscape: while proof of success in other arenas is plentiful, a tolerance-based
DOE approach has not been formally applied to pharmaceutical analytical method
validation. This approach could significantly enhance method validation through enabling
more complete, effective, and statistically powerful assessment, effectively bridging this
critical gap. By embracing the principles of DOE and defining validation acceptance
criteria as specific tolerance intervals rather than discrete percentage points,
pharmaceutical validation practice can substantially enhance accuracy, robustness, and
consistency across the whole working range of the method. Completion of this gap with a
tolerance-based DOE approach represents a major advancement, aligning pharmaceutical
validation practice with best practice in the engineering fields and ensuring method fitness-

for-purpose in the strict regulatory environment of pharmaceutical product development.

2.6 The Role of Pipetting in Analytical Methods

A pipette is a laboratory tool used for measuring and transferring small liquid
volumes. Pipette accuracy and precision directly influence the downstream analytical
assays and are primarily responsible for assay errors [53]. As the primary vector
accountable for the amount of material being subjected to an analytical assay, any lack of
precision in pipetting can produce gross errors in the result, especially at low

concentrations where differences become more obvious. Understanding pipetting error
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sources and origins is necessary to maximize assay performance and enable the deployment
of tolerance-based AMYV strategies.

Pipetting errors are introduced by a variety of factors such as improper technique
by the operator, mis-calibration of the pipette, and environmental conditions such as
temperature and humidity. Errors by the operator usually consist of improper pipetting
technique, varying pipetting rate, or altering dispensing angles, all which can cause
deviations in the amounts of liquid dispensed. Errors in calibration occur when pipettes are
not well calibrated or if the factual calibration is flawed and can lead to systematic
deviation in pipetted volume [54,55]. Furthermore, external factors drastically influence
pipetting accuracy and precision; temperature fluctuations can affect liquid density and
viscosity thus introduce variations from desired volume.

In response to these errors, laboratories commonly use standardized procedures for
pipetting and provide extensive training programs for personnel to maximize consistency
and reproducibility in pipetting practice. Regular preventive maintenance and pipette
calibration on a regular basis are also critical parts of quality control to assure that pipetting
equipment operates at acceptable limits. Moreover, use of advanced pipetting systems such
as automated or electronic pipettes can also increase reproducibility and accuracy through
the reduction of human variability.

Assay errors fall into two broad classes: system errors and human errors. Human
errors are predominantly the result of errors in laboratory personnel, such as incorrect
pipetting procedures, misreading of measurements, or inconsistent handling practices.
These errors can introduce systematic biases and random variations in assay results, and

hence compromise data integrity. Effective mitigation strategies involve extensive training
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of operators, the development and use of standard operating procedures, and frequent
competency testing.

System errors, however, are the outcome of instruments and tools being utilized in
the laboratory setting. Pipetting errors, having been already mentioned, form one
significant subcategory of system errors by way of their direct contribution to the accuracy
and precision of liquid transfers. Calibration errors, instrumental drift, or mechanical
failure may be other categories of system errors that compromise the consistency and
reliability of analytical results. Routine maintenance schedules, routine calibration checks,
and adherence to instrument-specific requirements are a few of the best practices that can
avoid these errors. By identification of, and proactively addressing human and system
errors, laboratories can significantly enhance the overall accuracy, reliability, and
ruggedness of analytical assays, and thus high-quality generation of data as well as
regulatory compliance.

Per International Standard ISO-8655-2:2002(E), Piston-operated volumetric
apparatus — Part 2: Pipettes [56], permissible systematic error and random error for an air-
displacement pipette are outlined with different criteria at different nominal volumes. Data
in Table 2.1 [56] introduced a question of why percentages permissible for errors are higher
for smaller volumes and lower for larger volumes, especially between 1 to 100 pL. With
such rules, even though larger volumes still have a more graceful error tolerance, implies
that specs for relative metrics based on nominal volume, such as % Bias and % CV, may

not be appropriate, especially at lower concentrations.
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Table 2.1: Maximum permissible errors for air-displacement pipettes

Nominal | Maximum permissible | Maximum permissible | Maximum permissible
volume systematic error random error total error
pL +% +pL +% +pL +% +uL
1 5.0 0.05 5.0 0.05 10.0 0.1
2 4.0 0.08 2.0 0.04 6.0 0.12
5 2.5 0.125 1.5 0.075 4.0 0.2
10 1.2 0.12 0.8 0.08 2.0 0.2
20 1.0 0.2 0.5 0.1 1.5 0.3
50 1.0 0.5 0.4 0.2 1.4 0.7
100 0.8 0.8 0.3 0.3 1.1 1.1
200 0.8 1.6 0.3 0.6 1.1 2.2
500 0.8 4.0 0.3 1.5 1.1 5.5
1000 0.8 8.0 0.3 3.0 1.1 11
2000 0.8 16 0.3 6.0 1.1 22
5000 0.8 40 0.3 15 1.1 55
10000 0.6 60 0.3 30 0.9 90

Another inspiration to adopt a tolerance-based metric came from ISO 8655-

6:2002(E), Piston-operated volumetric apparatus — Part 6: Gravimetric reference

measurement procedure for the determination of volume [57], which outlines the

requirements for analytical balances used to gravimetrically measure volumes in

determining pipetting performance. In Table 2.2, repeatability and uncertainty (accuracy)

are given specific values for a pipetted volume range. This indicates that within a certain

range, data for repeatability and uncertainty (accuracy) should be assessed on the same

basis. To further illustrate, in evaluating repeatability, the cutoff of 0.025 applies to any

value within the range of 20 to 200 pL, rather as a percentage of the measured value.
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Table 2.2: Minimum requirements for balances

Nominal volume of . AT Expanded
apparatus under test Resolution Repeatability uncert:ll)inty in use
mg mg mg
0.5 uL <V <20 pL 0.001 0.006 0.012
20 uL <V <200 L 0.01 0.025 0.05
200 uL <V <10 mL 0.1 0.2 0.4
10 mL <V <1000 mL 1 2 4
1000 mL <V <2000 mL 10 10 40

Error reporting of pipetting conventionally comes from relative metrics like % Bias
and % CV, which can conceal the true nature of errors if the absolute values are small. To
this extent, it is essential to understand the cause of pipetting error, especially where bias
and standard deviation need to be managed and conveyed in terms of % Bias and % CV
[58]. An assumption in this dissertation is that for the same pipettor, pipetting error is an
absolute and constant deviation from desired values, regardless of the volume being
pipetted. For instance, a +1 pL error is always true whether the desired volume is 10 pL or
100 pL. This is consistent with the principle of tolerance-based verification where errors
are stated in terms of absolute tolerances rather than relative percentage terms.

The significance of pipetting accuracy in analytical procedures requires the clear
incorporation of pipetting precision into AMV protocols. This incorporation may involve
setting precise pipetting performance standards within the parameters of method validation
or including pipetting validation as a routine assay qualification procedure. Successfully
correcting pipetting mistakes in a systematic manner, laboratories can increase overall
assay reliability, improve data integrity, and more effectively meet the stringent tolerance-
based demands of AMV methodologies, which results in delivering consistent, accurate

analytical results in diverse laboratory settings.
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In short, pipetting inaccuracy is one of the most dominant causes that impact the
accuracy and precision of analytical methods. Understanding pipetting inaccuracies as
absolute or relative will help us determine whether the proposed tolerance-based validation
approach is appropriate. The incorporation of such assessment data strengthens the
argument for applying tolerance-based AMV since it provides a complete picture of error
sources and their influence on assay performance.

The validation testing started by comparing two different analytes using a common
type of analytical assay in bioanalytical labs - HPLC, with data analyzed utilizing the new
statistical approaches, followed by a pipette assessment study to better understand the
nature of a primary source of total assay errors, thereby solidifying results from the
enhanced validation approach. The assay tolerance is derived from historical assay
database and is our assay range, also in compliance with the ICH Q2(R1) guidelines. The
tolerance-based DOE assay validation strategy represents a significant advancement in
analytical assay validation [59]. By focusing on relative effect of variability within
tolerances, the strategy streamlines the validation process by bringing several testing
requirements into a single set of samples, making it more scientifically rigorous and
relevant. Lastly, the process has a superior, more efficient, and statistically driven means
of guaranteeing that analytical testing is actually fit-for-purpose. This improves the
production and manufacture of pharmaceuticals of optimal quality and strength and

pharmaceutical quality assurance and control [59].
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Chapter 3 — Research Methodology

3.1 Overview of the Tolerance-based DOE Framework

This approach combines DOE principles with a tolerance-based approach to
enhance analytical method validation. Traditional approaches validate parameters
separately, often without regard to system variability in total. This approach, however, tests
method performance as a whole in terms of whether results consistently remain within
defined tolerance limits throughout the operating range of the method.

A validation based on tolerance targets acceptable performance within bounds of
error allowance, such as engineering tolerances. Validation pass is determined by how
consistently results of an assay fall within these parameters and not against just meeting
mean targets alone. Statistical tolerance intervals such as accuracy profiles are used to
estimate variation and bias in total and for assurance of operation over analysis range, most
critically at lower concentrations subject to larger errors.

DOE makes maximum use of available resources by altering multiple factors (e.g.,
levels of concentration, days, analysts) within one master experiment. One coordinated
approach tests linearity, accuracy, precision, and range simultaneously, revealing
interactions and effects that may elude standard methodologies. Historical knowledge and
prior expertise direct tolerance setting and DOE factor selection so experiments can treat

basic issues of variability.

3.2 Defining Tolerances and Acceptance Criteria
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3.2.1 Tolerance Determination

The proposed analysis method is based on setting tolerances, or specification limits,
for all analytical and bioanalytical tests, based on ICH guidelines regarding specifications
and quality risk management [60,61]. These guidelines form the basis of the approach's
underlying framework, offering guidance on how acceptable variability and assay
reliability should be defined. They serve as conformity standards, emphasizing the
importance of the function of scientifically and statistically valid tolerances in maintaining
quality and managing risks at each stage of the analytical process. Tolerance is determined
by one of four most frequent methods explained below, selected based on the stage of drug
development [62—65].

The most preferred method is to set specification limits based on transfer functions
and margin analysis, which connect clinical pharmacokinetics (PK) studies or critical
quality attributes (CQAs) directly to unit operations. Transfer functions describe
mathematical relationships that quantify the impact of changes in one variable (e.g.,
process parameters) on another variable (e.g., product quality or assay response) [59].
Margin analysis determines the allowable variability in most important parameters within
acceptable performance limits. It is a highly respected method as it is a straightforward,
quantifiable relationship between factor variability changes and how they affect the
response such that effective product, process, or assay variation control is possible. The
greatest value in applying this method is that it is scientifically systematic, and it gathers
facts from manufacturing and clinical history and integrates them into overall variability
and impact. It does pose issues, though, such as a need for precise and high-accuracy input

data to successfully convert model functions and define realistic tolerances. Those
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requirements can make implementation resource intensive, particularly in early-stage
development where data may not be plentiful. In spite of these issues, the method agrees
with the recommended methodology in providing a good mechanism for defining
specification limits and taking into account variability in reality. This ensures that assays
are not just compliant with regulatory standards but also optimized for precision and
dependability throughout their operational range.

The second preferred method is setting limits based on statistical analysis and
distributions and is usable under such circumstances where no poor or undesirable
outcomes are directly attributed to the parameter being investigated [59]. This method
assumes that if the variability that occurs naturally in products, processes, methods, or raw
materials does not lead to poor or undesirable outcomes, then the variability in sample data
available is acceptable. For example, the strategy is appropriate when considering attributes
such as cosmetic defects in noncritical packaging components where variation does not
affect product safety or effectiveness. It would be inappropriate, however, for CQAs with
a direct correlation to clinical endpoints, e.g., API concentration in a drug product, where
small variations would have adverse effects. It is a reasonable hypothesis that intrinsic
variability will be permitted as long as it will not lead to unfavorable results because this
aligns with QbD principles in addition to being consistent with regulatory guidance [18,61].
The guidelines demand risk-based understanding in addition to control of variability. By
ensuring that limits are grounded in valid statistical analysis of observed data, this approach
guarantees compliance without requiring overly conservative limits that would

unnecessarily constrain manufacturing flexibility.
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The third most preferred method for setting tolerance applies a worst-case margin
analysis, wherein the objective is to establish tolerances that are derived from the worst
possible instances of variability [59]. By applying this approach, the specification limits
are established on the basis of the maximum possible deviation under worst-case scenarios
such that the process or product remains functional and reliable even under extreme cases
of variability. For example, this method fits in situations when safety is top priority, such
as establishing tolerance for CQAs in pharmaceuticals, when even minor changes would
lead to undesirable outcomes. However, it may not fit as well to noncritical ones, such as
cosmetic features, where too high variability would neither impact the product's safety nor
efficacy. The greatest advantage of this method is its conservatism, and that guarantees a
very high confidence that the process or product will function satisfactorily even when
faced with unusual or extreme conditions. On the flip side though, this can also be limiting
since worst-case margin analysis has a tendency to generate very tight tolerances that are
hard or costly to realize, particularly in normal conditions. Moreover, the approach calls
for extensive data and an in-depth knowledge of sources of variability, which can be
resource intensive.

The fourth and least preferable method is to specify tolerance as a percentage of the
mean (e.g., =10 or 20%), which is a simple but less precise method of establishing
specification limits [59]. This method is typically used when there are no large amounts of
data or models since it facilitates the establishment of limits easily and rapidly. For example,
it can be used for early development when initial tests suffice to estimate tolerances without
the need for large datasets. Although it is not so well suited to CQAs or highly variable

processes when precision is required to ensure product safety and efficacy. Its major
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advantage is simplicity, with minimal data or computational resources required. Though,
this simplicity is also its biggest drawback since it lacks flexibility and tightness to handle
sophisticated systems. This method depends on rigid percentages and does not account for
natural correlation between variation in factors and resulting response, and can yield over
or under conservative limits that never represent actual conditions.

If possible, all of the specification limits should be based on transfer functions,
correlations, or models which establish how the variability in one factor impacts response.
Data-driven limits must be used as part of the primary components of control strategy to

assume effective control of assay variability [65].

3.2.2 Recommended Acceptance Criteria

Acceptance criteria are critical in defining method validity against various
parameters such as linearity, range, bias/accuracy, repeatability, and intermediate precision.

Linearity indicates the linear response of the assay over a specific range,
commonly 80—-120% of the product specification limits. Residuals or studentized residuals
versus a line of regression should be plotted to visually verify if there are systematic
patterns or obvious quadratic effects to ensure linearity. The linearity range of the assay is
established by performing a linear regression of signal against theoretical concentration,
studentized residual analysis, and application of a quadratic fit to these residuals. The assay
would be considered to be linear when the studentized residuals were not more than +1.96,

reflecting 95% confidence in linearity [44].
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Bias (accuracy) is evaluated against a reference standard and is determined by the
average deviation from the theoretical reference concentration. Bias relative to the
tolerance or mean is calculated as:

Bias = Cy — Cr
where Cj, is the measured concentration and Cr is the theoretical concentration.
Bias-to-tolerance ratio %:

Cy —Cr

USL — LSL) * 100

Bias — to — tolerance ratio % = (

This equation is used when both the upper specification limit (USL) and lower
specification limit (LSL) are defined. Accuracy/Bias results for chromatographic assays
should between -15% and 15%, per FDA guidelines [6].

Bias—to—margin ratio (%)

Bias — to — margin ratio % = <M> * 100
g *=\UsL— 4
or
Bias — to — margin ratio % = (M> * 100
g = \u—1LSL

These equations are used when only the USL or LSL is defined. Accuracy/Bias
results for chromatographic assays between -15% and 15%, per FDA guidelines [6].

Repeatability of an assay is determined based on the standard deviation of
intraassay measurements. The formula for determining the repeatability as a percentage of
tolerance is as follows:

Repeatability % of tolerance:
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og * 5.15

USL — LSL) * 100

Repeatabiltiy % of tolerance = (

where oy, is the standard deviation of the repeatability samples and 5.15 is the Z
score for the 99% CI for a two-sided distribution. Repeatability for chromatographic assay
should between -15% and 15%, per FDA guidelines [6].

Repeatability % of margin:

R tabiltiy % of J —( R*2'575> 100
- — *
epeatabiltiy % of margin TSL
or
R tabiltiy % of J —( R*2'575> 100
- — *
epeatabiltiy % of margin 5L

where 2.575 is the Z score for the 99% CI for a one-sided distribution. These two
equations are used when only the USL or LSL is available. Repeatability for
chromatographic assay should between -15% and 15%, per FDA guidelines [6].

Intermediate precision (IP) considers the standard deviation of repeated
measurements (both intra-assay and inter-assay variability) and is assessed with the
following formula:

IP % of tolerance:

o;p * 5.15

IP Y = (=
Yo of tolerance (USL 5L

)*100

where o;p is the standard deviation of the IP readings. Repeatability for
chromatographic assay should between -15% and 15%, when both USL and LSL are
defined, per FDA guidelines [6].

IP % of margin:
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or

) op * 2.575
IP % of margin = <T—H) * 100
1P % ) (O'Ip * 2.575) 100
=—] %
o of margin I LSL

These equations are used when only the USL or LSL is available. Intermediate

Precision for chromatographic assay should between -15% and 15%, per FDA guidelines

[6].

The range criteria indicate that the method should maintain linear, repeatable, and

accurate and should cover at least 80% to 120% of the test concentration [4].

To conclude, Table 3.1 compares traditional and tolerance-based acceptance criteria

under the same defined cutoff, which will be used to analyze data in this report.

Table 3.1: Traditional vs Tolerance-based Acceptance Criteria

Traditional

Tolerance-based

Demonstrate linearity from
minimally 80% to 120% of the
product specification limits.
Use a plot of residuals and/or

Demonstrate linearity from
minimally 80% to 120% of the
product specification limits (or

tolerance). Use a plot of

120% of test concentration

Linearity studentized residuals from the residuals and/or studentized
regression line to define the residuals from the regression
linear range with a 95% line to define the linear range
confidence interval. with a 95% confidence interval.
-15% < Bias-to-
i _159, <O < 0 =
Accuracy/Bias 15% < % Recovery < 15% margin/tolerance ratio % < 15%
- -15% < Repeatability % of
- 0/ <0 < 0
Repeatability 15% <% CV <15% margin/tolerance < 15%
Intermediate o -15% < IP % of
- <o <15°
Precision 5% =% CV=15% margin/tolerance < 15%
Linear, accurate and repeatable | Linear, accurate and repeatable
Range responses cover at least 80% - responses up to 120% of the

USL
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3.3 Experimental Design Using DOE

In analytical assay validation, typical factors include analyst, day, instrument, and
concentration [66]. Variations in analyst, day, and concentration can be accommodated by
most labs but access to multiple instruments may be limited. A full factorial DOE with two
analysts, two days, two instruments, and five concentrations will require eight replicates
per concentration, totaling 40 runs. If only one instrument is available, then the design can
be adjusted to two analysts, two days, one instrument, and five concentrations with
replicates per concentration reduced to four and halving the total runs to 20.

The flexibility of the DOE is particularly suited for multifactor analytical assays.
Statistical software like JMP or Minitab allows changes to the design so that the number of
runs is minimized and remains statistically valid. A rule of thumb here is to utilize the
minimum runs possible without falling below the half-factorial design threshold [38,67].

In this study, a DOE designed by JMP 16 employed 30 runs across five concentrations (

Table 3.2), and each concentration was replicated six times to meet the ICH
guidelines for repeatability [4]. The design saves ten runs compared to the full-factorial
while meeting the minimum requirements of a half-factorial design [68]. Runs were evenly
distributed among five concentrations, and between two analysts over two days for an
unbiased assessment of assay performance. This balanced design effectively evaluates key
variables under the constraints of available resources, enabling valid and effective assay

validation.
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Table 3.2: DOE of Assay Validation

Run Order Concentration Analyst Day
1 Cl Al D1
2 C2 Al Dl
3 C3 Al Dl
4 C4 Al Dl
5 C5 Al Dl
6 C1 A2 D1
7 C2 A2 Dl
8 C3 A2 Dl
9 C4 A2 Dl
10 C5 A2 Dl
11 Cl Al D1
12 C2 Al Dl
13 C3 Al D1
14 C4 Al Dl
15 C5 Al D1
16 Cl A2 D2
17 C2 A2 D2
18 C3 A2 D2
19 C4 A2 D2
20 C5 A2 D2
21 Cl Al D2
22 C2 Al D2
23 C3 Al D2
24 C4 Al D2
25 Cs5 Al D2
26 Cl A2 D2
27 C2 A2 D2
28 C3 A2 D2
29 C4 A2 D2
30 Cs5 A2 D2

To distinguish between repeatability and intermediate precision when the same
samples are being used in a single assay, we used the Partition of Variation Main Effects
analysis in JMP 16. The tool partitions the total variability of an analytical method into

components due to predefined sources (main effects) and residual error. In our analysis,
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inter-assay factors such as run, day, or analyst were designated as main effects, and residual
variation—variation not explained by these main effects—was interpreted as intra-assay
error.

The Total Within result of the analysis reflects this intra-assay variation and is an
estimate of repeatability, or the variation observed when the same sample is analyzed under
the same conditions within a single run. The Grand Total, in contrast, is an estimate of the
total variability in the data set, encompassing both intra-assay (repeatability) and inter-
assay sources of variation. As such, it is a measure of intermediate precision, which
characterizes the performance of the method across runs or analysts.

This analysis is a practical and statistically valid method of estimating precision
parameters when the same set of samples are reused across multiple conditions, as is often
the case during early method development or automation verification studies. It makes
analyzing repeatability and intermediate precision using the same set of samples possible.
By placing a quantitative value on the amount of variation due to each source, the Partition
of Variation — Main Effects analysis provides a very useful picture of the consistency and
robustness of the method.

DOE can also be applied when dealing with high-dimensional problems and sparse
datasets. When sample quantity is limited in early method development stages, a full
factorial design for 7-8 factors becomes infeasible due to the exponential increase in the
number of runs. In these cases, fractional factorial designs can be employed, permitting
estimation of main effects and chosen interactions while dramatically saving experimental
effort [69]. For instance, a 2°(7-2) or 2”(8-3) design allows seven or eight variables to be

explored with but a fraction of the runs of a full factorial design. While this economy carries
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some risk of confounding higher-order interactions, the trade-off is generally acceptable
when backed up by prior knowledge or risk assessment.

Taguchi approaches also offer an effective framework via orthogonal arrays that
maximize robustness and signal-to-noise performance, which is well-aligned with the
tolerance-based philosophy of managing variability within specified performance limits
[70]. However, Taguchi designs do assume minimal interaction effects, which in some
analytical settings may be inappropriate [71]. Where experiments have 7-8 variables, the
DOE procedure can be staged, starting with screening designs to screen for major factors,
followed by refinement via central composite or D-optimal designs to pick up interaction
and curvature effects [72]. Model adequacy can be ensured even in sparse data through
careful design resolution and diagnostic checking of residuals. Overall, the tolerance-based
DOE strategy is both scalable and flexible and can be used to generate reliable validation

results even in sparse-data settings or when dealing with complicated multivariable systems.

3.4 Data Analysis and Statistical Methods

All statistical work involved in validation of the methods was conducted by
employing JMP version 16 software (SAS Institute Inc., Cary, NC). This software was used
to assess all four validation features — linearity, accuracy, repeatability, and intermediate
precision — from its set of analytical tools. JMP 16's interactive environments, such as the
Bivariate "Fit Y by X" for regression and residual analysis, and ANOVA for variance
components, were utilized to calculate regression parameters, confidence intervals, and

variance components, and to give a robust assessment of each performance characteristic.
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Linearity was checked using regression analysis to verify that the assay response
is proportional directly to analyte concentration throughout the working range. Linear fit
in JMP 16 was done by plotting the theoretical concentrations (independent variable)
against the measured concentrations (dependent variable). The best-fit line (least squares
linear regression) was provided by the Fit Y by X module, providing the calibration
equation (slope and intercept) and the coefficient of determination (R?). In the best case, a
slope near 1.0, an intercept near 0, and an R? close to 1 indicate a strong linear relationship
between response and concentration. Residual analysis was also performed to make sure
that the linear model is satisfactory. The linear fit studentized residual was checked and
compared with a second-order (quadratic) fit for curvature. £1.96 was employed as the
limit (95% confidence range) on residuals as a criterion of linearity [73]. Randomly
scattered residuals between the £1.96 limit revealed no deviation from linearity. On this
rationale, the linear range of the technique was identified as the interval of concentrations
during which the residuals lay within the 95% confidence limits. Absence of any trend
pattern in the residuals confirmed that the linear model was a good representation of the
data, and the process was confirmed to be linear for the concentration range tested.

Accuracy (Bias) was determined by comparing measured values with the nominal
theoretical values at each level. The average measured concentration and standard
deviation were determined at each level in JMP 16, and bias (difference between the mean
measured value and the true value) was determined along with its 95% confidence interval.
Accuracy was expressed both as percent bias (bias relative to the true value) and as a bias-
to-tolerance ratio (bias relative to a prespecified tolerance interval). For this assay, a total

tolerance of 10 pug/mL (range 0 to 10 ug/mL) was established from historical data and
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specifications. Expression of bias as a percentage of this tolerance provides an absolute,
concentration-independent expression of error. Results were satisfactory when percent
bias-to-tolerance was between -15% and 15% at all concentrations, such that measurement
error at any point did not deviate by more than +15% of the allowed range [6]. Bias values
were also plotted against concentration in JMP to verify the absence of any trend based on
concentration. A steady bias (or lack of bias) across the range shown even represented
accuracy of the method.

Repeatability (intra-assay error) is the variation in results when replicating the
assay several times under the same conditions. It was determined by comparing six
replicate samples per concentration, as recommended by ICH guidelines for validation [3].
An acceptance value of -15% < % CV < 15% was recommended by FDA as acceptable
repeatability [6], i.e., variability among replicate measurements was at acceptable levels.
Supplementing the % CV calculations, variance components analysis was also carried out
to further estimate repeatability. A random-effects ANOVA model was performed in
JMP 16 with inter-assay factors (e.g., day and analyst) included, so that the residual
variance would be able to pick up pure within-run variation. JMP Partition of Variation
output showed the Total Within variance component for repeatability, regardless of the
Total Between variance for day-to-day or analyst differences. This repeatability variance
was also expressed as a percentage of the tolerance range, giving a repeatability % of
tolerance regardless of concentration. Consistently low repeatability % of tolerance at all
levels meant that within-run variation was only a small fraction of the error allowed. For

each concentration, JMP 16 was used to calculate standard deviation, % CV, and % of
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Tolerance of replicates. The preferred analysis approach was then determined by
comparing the % CV and % of Tolerance results.

Intermediate Precision (inter-assay error) determines the method's reproducibility
under varying conditions (e.g., varying days, analysts, or equipment). The assay was
performed over the course of several days and analysts to capture this variation. In order
to measure day and analyst variance components for intermediate precision, an ANOVA
model was executed in JMP 16 with day and analyst as factors, dividing up variability
between within-run and between-run components. JMP Partition of Variation output
distinguished the Total Between variance (variances caused by day/analyst changes) and
the Total Within variance (residual repeatability), where their sum was the Grand Total
variance (overall variability). Intermediate precision was reported both as a total %CV and
as a percentage of tolerance (IP % of tolerance) at all concentrations. The method was
acceptable if intermediate precision was within 30% of the range of tolerance at all
concentrations [6]. Successful passing of this tolerance-based specification (-15% < IP %
of tolerance < 15%) confirmed that overall process variability was only within a maximum
of 15% of the permitted range, while creating consistent performance among runs and
conditions.

Range is established based on a comprehensive evaluation of findings from
linearity, accuracy, repeatability and intermediate precision validation. An appropriate
range is then established by delineating the concentrations range within which the
analytical process always meets certain specified acceptance parameters for every

validating parameter. It should cover at least 80% - 120% of the test concentration [4]. The
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comprehensive approach ensures that the range selected consistently reveals the general

acceptability of the method for the intended purpose.
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Chapter 4 — Experimental Implementation and Case Studies

Robust system performance of bioprocess analytics requires the reliability of every
measurement that guides decision-making at high levels. This chapter accordingly presents
a comparative investigation focused on two analytical method validations — one on
polyethylenimine (PEI) using HPLC-CAD and the other on sodium butyrate (NaBu) using
HPLC — after a study involving a pipette test experiment in order to better understand the
nature of the predominant cause for the total assay error and consequently synthesizing
outcomes of the revised validation approach. Each validation data set is analyzed twice:
once within the conventional framework that is percent bias and percent coefficient of
variation based, and a second time within a tolerance-based framework that all measures
against pre-defined acceptance limits. By placing the two approaches side-by-side for both
assays, and then imposing the same tolerance reasoning on the pipette assessment study,
the chapter builds a stacked argument: if a method truly does satisfy its specifications, that
confidence must be maintained at each concentration and at each transfer step all the way
up to detection. The tolerance-based framework reveals subtle discrepancies — most
evident at trace analyte levels — where traditional statistical measures may appear
deceptively small simply because their denominators shift with concentration. The
following sections trace this progression in detail: first laying out the design of each
validation, secondly presenting results for linearity, accuracy, repeatability, and
intermediate precision under both paradigms, and finally illustrating how the evaluation of
the pipette either supports or dispels the patterns observed. Taken together, these three

studies demonstrate how a tolerance-based approach can offer a clearer, more coherent
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picture of analytical capability — one that aligns method validation with the broader

systems engineering imperative for predictable, verifiable performance at all scales.

4.1 Case Study 1: Validation of PEI Quantitation Method

Polyethylenimine (PEI) is an amino-based hydrophilic polymer with repeating
units composed of the amine group and two carbon aliphatic (CH2CH>) spacers. PEI is a
critical raw material in the transfection process to improve viral vector production.

Post transfection, PEI is considered a process-related impurity and is expected to
be removed during downstream size exclusion chromatography (SEC). Therefore, a
reversed-phase HPLC method coupled with a Charged Aerosol Detector (RP-HPLC-CAD)
method was developed to quantify the residual PEI amount in purified in-process and final

fill samples.

4.1.1 Materials and Reagents

Liquid chromatography—mass spectrometry (LC—MS) grade water and acetonitrile
were purchased from Millipore, HPLC-grade 2-propanol was purchased from VWR, LC—
MS grade trifluoroacetic acid (TFA) was purchased from Thermo Scientific, PEI was
purchased from Polysciences, and HPLC autosampler vials of 250 uL capacity were

purchased from Agilent.

4.1.2 Sample Preparation and Instrument Setup
The samples were prepared by first diluting a 1 mg/mL PEI stock solution to 100

microgram per milliliter (ug/mL), then serially diluting to final concentrations of 16, 8, 4,
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2, and 1 pg/mL using LC-MS grade water. Two hundred microliters of each dilution were
transferred into Agilent polypropylene vials and subsequently injected into the HPLC
system.

The system used in this study included a Waters XBridge Protein BEH C4 column
(300 A, 3.5 um, 4.6 mm x 150 mm, 10-500 K) and an Agilent 1260 HPLC system coupled
with a Thermo Scientific Corona Veo RS Charged Aerosol Detector (CAD). Essential
components of our HPLC system consisted of Vial Sampler, Binary Pump, Multicolumn
Thermostat (MCT), Variable Wavelength Detector (VWD), and Analytical-Scale Fraction
Collector (AS-FC). The instrument was operated, and the data were analyzed using Agilent
OpenLab CDC ChemStation Edition (Rev. C. 01. 09 [144]). The mobile phase consisted
of two buffers: Buffer A, water with 0.1% TFA, and Buffer B, a mixture of 35% 2-propanol,
65% acetonitrile, and 0.1% TFA. Buffer B was kept at 3% for 6 minutes, increased to 30%
in the next 3 minutes, and then to 100% in 5 minutes. The flow rate was maintained at 1
mL/min, and the injection volume was set to 90 uL.. The CAD system was configured with
a filter time of 5 seconds, a power function of 1.3, and a data rate of 1 Hz. Settings were
optimized to ensure that the capacity factor was >2, resolution was >2, tailing factor was
<2, and the theoretical plate number was >2000 for the PEI peak [74]. These parameters
were applied to ensure system suitability, enabling accurate and reliable detection

throughout the analysis.

4.1.3 Assay Robustness Check
Robustness was evaluated by changing the composition of the mobile phase by 5%

TFA in Buffer A and Buffer B, and all peak quality parameters were within acceptance.
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Additionally, when 2-propanol concentration was prepared between 33% and 37% in
Buffer B, the retention time of the peak was stable, which verified that no adjustment of
flow rate or gradient was required. Since the room temperature was appropriate, column
temperature was not adjusted. However, a test run between 20 °C to 30 °C confirmed that

all peak quality criteria were still achieved.

4.2 Case Study 2: Validation of NaBu Quantitation Method
Sodium Butyrate is a short chain fatty acid (SCFA) that has been widely used to
improve the production of exogenous proteins. In upstream viral vector production

processes, sodium butyrate is added post-transfection. NaBu is expected to be removed
during downstream SEC, based on the cut-off size of the resin and the size of the analyte.

Butyric acid is visible at 220 nm while the absorption of viral particles is weaker compared

to its absorption at 280 nm. Therefore, we developed a reversed-phase chromatography

aiming to elute viral particles and other hydrophilic buffer components in the void, and
butyric acid is expected to adhere to the column until the buffer polarity drops.

At low pH (less than 2.5), sodium butyrate is fully dissociated into butyric acid
(Figure 3.1), whose peak can be detected by an HPLC UV detector (VWD). The pKa value
of sodium butyrate/butyric acid is 4.82, and pH 2.5 is the target for the mobile phase (Buffer
A) because at such a low pH, all sodium butyrate is converted into butyric acid. In this
study, sodium butyrate indicates the analyte of interest before running on HPLC, while

butyric acid refers to the same analyte on HPLC chromatograms.
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Figure 4.1: Effect of pH on dissociation of butyric acid

4.1.4 Materials and Reagents

HPLC grade water and acetonitrile were purchased from VWR, Hydrochloric Acid

(36.5-38%) was purchased from VWR, Sodium Phosphate, Monobasic, Monohydrate was

purchased from J. T. Baker, Sodium Butyrate (NaBu) was purchased from Sigma-Aldrich,

and HPLC autosampler vials of 250 pL capacity were purchased from Agilent.

4.1.5 Sample Preparation and Instrument Setup

The samples were prepared by dissolving 11.0088 grams of NaBu with 100 mL of

HPLC grade water to prepare 1 molar stock solution, followed by serially diluting to final

concentrations 4, 2, 1, 0.5, and 0.25 millimolar (mM). Two hundred microliters of each
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dilution were transferred into Agilent polypropylene vials and subsequently injected into
the HPLC system.

The system used in this study included an Agilent InfinityLab Poroshell 120 EC-

C18 column (3.0 x 100 mm, 2.7 um) and an Agilent 1260 HPLC system. Essential
components of our HPLC system consisted of Vial Sampler, Binary Pump, Multicolumn
Thermostat (MCT), Variable Wavelength Detector (VWD), and Analytical-Scale Fraction
Collector (AS-FC). The system was operated, and the data were analyzed using Agilent
OpenLab CDC ChemStation Edition (Rev. C. 01. 09 [144]). The mobile phase included
two buffers: Buffer A, 20 mM Sodium Phosphate, pH 2.5, and Buffer B, 100% Acetonitrile.
Buffer B decreased from 99% to 90% in the first 2 minutes, held at 90% for the next 8
minutes, and again increased to 99% in 2 minutes. The flow rate was 0.35 mL/min, and the
injection volume was 4 pL. Settings were optimized to ensure that the capacity factor
was >2, resolution was >2, tailing factor was <2, and the theoretical plate number
was >2000 for the Nabu peak [74]. These parameters were applied to ensure system

suitability, enabling accurate and reliable detection throughout the analysis.

4.1.6 Assay Robustness Check

Robustness was tested by altering the composition of the mobile phase by adjusting
pH £ 0.2 in Buffer A, and all quality parameters of peaks were according to the required
criteria. In addition, when the concentration of NaBu in Buffer A was made between 18
mM and 22 mM, the retention time of the peak was consistent, and therefore flow rate or

gradient did not need to be adjusted. As room temperature was adequate, column
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temperature was not specified. However, testing between 20 °C and 30 °C also confirmed

that all peak quality conditions remained intact.

4.3 Pipette Performance Validation Experiment

In analytical assays, samples are measured and transferred using pipettes, which are
laboratory tools designed for accurately handling small volumes of liquid. Pipettes function
by creating a vacuum within the pipette tip to draw up and release a specific volume of
liquid. The user controls the volume by adjusting the plunger, which aspirates and
dispenses the liquid accurately when the tip is immersed in the solution [75]. Pipetting is
considered a major source of errors in assay results, making it critical to understand
pipetting error for accurate analysis of assay outcomes [53,54].

In this validation study, we conducted two pipetting experiments using two Rainin
LTS pipettes with working ranges of 20-200 uL (P/N 17014391) and 100—-1000 pL (P/N
17014382), respectively. Molecular-grade water was used for testing. A gravimetric
method was employed to measure the water mass using a highly sensitive analytical
balance (Sartorius, P/N QUINTIX124-1S) [55]. Six volumes covering the entire working
range were selected, with six repetitions performed for each volume, and three trials were
conducted. As a result, 108 data points were collected for each pipette. Bias, % Bias,
standard deviation (o), and % CV were calculated for each of the six repetitions.

The calculations for these metrics are as follows:

Bias:

Bias =Vy — V;

Where V,, = measured volume, and V; = theoretical volume.
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% Bias:

Bia
% Bias = ( 7

T

> 2(x; — p)?
B N

Where x; = each individual value, i = mean of all values, N = number of values.

S
)*100

Standard Deviation (o):

% CV:

o
% CV = (—) x 100
U
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Chapter 5 — Results and Analysis

5.1 Results for PEI Method Validation

The objective of this study was to evaluate the use and feasibility of a tolerance-
based DOE strategy to analytical method validation by incorporating systematically
significant factors—i.e., analyst, day, and concentration—into an experimental design that
was balanced while emphasizing the use of appropriate data analysis techniques, e.g., %
tolerance instead of % CV, to ensure accurate and meaningful reporting of results. The data
for the first study was acquired from an analytical assay in which PEI, an amino-based
hydrophilic polymer and critical raw material in the production of lentiviral vectors, was
quantitated and identified by HPLC-CAD. The samples were prepared by diluting PEI in
water, and six replicates of each concentration level (1, 2, 4, 8, and 16 pg/mL) were run,
giving a total of 30 samples.

A calibration curve was drawn using Agilent ChemStation, an HPLC data
processing software, for a concentration range of 1-16 pg/mL of the polymer. The
calibration curve equation was y = 0.0432836 x> + 5.59612 x + 1.05632, with a coefficient
of determination (R?) value of 0.99993. Linearity, accuracy, repeatability, intermediate
precision, and range of the diluted polymer samples were established using this calibration

curve.

5.1.1 Linearity
For linear evaluation, the theoretical and measured polymer concentrations were

fitted with a linear model (Figure 4.1). The green line of reference, y = x, is at which the
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theoretical and measured concentrations are equal. The red line is the bivariate average fit

of six data points per concentration.
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Figure 5.1: Bivariate fit of the theoretical vs. measured concentration (pg/mL)

In order to establish the linear range of the method, studentized residuals for the
linear curve of Figure 4.2 were compared with a quadratic fit against theoretical
concentrations. The limits, as shown in the pink area, were set at = 1.96 (a typical 95% CI)
for the studentized residuals, within which the method is linear [76]. The pink region was
drawn from the Fit Y by X prediction model in JMP 16 using both the means and the spread

of all the values for each concentration. As such, the pink region has the potential to not
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include all the individual points on the graph, as the goal is to assess the overall trend and
distribution rather than single points. To set the linear range with a 95% CI, a blue line at -
1.96 pg/mL for the residuals is plotted in Figure 4.2. The +1.96 pg/mL line is not shown,
since it clearly runs through the pink region at a higher theoretical value for the upper limit
and a lower concentration value for the lower limit, thereby excluding those values from
the chosen linear range. Thus, the linear range was -1.6 to 18.5 pg/mL, and all

concentrations tested in this study fell between 1 and 16 pg/mL, which falls within this
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Figure 5.2: Bivariate fit of studentized residuals vs. theoretical concentrations

5.1.2 Accuracy/Bias

Accuracy/bias evaluation aims to identify to what extent theoretical and measured
values coincide. Previously, accuracy was evaluated in terms of % recovery or % bias with
an acceptable tolerance range of -15% to 15%. In the present study, we introduce the bias-
to-tolerance ratio % as a better parameter to judge accuracy. Results are considered
acceptable when bias-to-tolerance ratio is less than 15% at all concentrations. For this assay,

tolerance was 10 pg/mL, from which USL of 10 pg/mL and LSL of 0 pg/mL were derived.
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This is derived from the statistical analysis and distribution of the historical data. A choice
of LSL 0 pg/mL was made since the assay is for residue testing, where absence of the
analyte is acceptable and indeed desirable. A USL of 10 pg/mL was selected by comparison
first with the LD50 (Lethal Dose, 50%) oral rat value, which is 1350 mg/kg —a much higher
figure than in test results encountered. Since this is a critical assay, the boundaries were set
at +2 standard deviations (95.4%) of the mean of historical data for PEI concentration in
the drug product, and rounded to the nearest whole number, which resulted in a USL of 10
ng/mL. These boundaries are reasonable variability and are compatible with performance
expectations.

As is shown in Table 4.1, % bias failed at 1 and 2 pg/mL concentrations because
their % bias were higher than 10%, despite no trend is observed in accuracy relative to the
theoretical concentration, as indicated in the Accuracy/Bias column. This indicates that
accuracy is not proportional to theoretical values and that % bias is not the appropriate
analysis method. In addition, Table 4.1 shows that % bias is larger at lower concentration
levels and smaller at higher levels. This variability arises from the influence of
concentration-dependent denominator in % bias calculations, leading to inconsistency in
assessing assay accuracy.

Conversely, the bias-to-tolerance ratio % was largely constant for all the
concentrations indicated in Table 4.1, which verifies that errors in assays were not
concentration-dependent. Such consistency indicates that % bias should not be employed
for error description and reporting because it can be misleading to the accuracy based on
concentration. Instead, the bias-to-tolerance ratio % is a better measurement by calculating

the errors on the same scale for the entire assay range.
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Table 5.1: Accuracy/Bias results

Theoretical Replicates Accuracy/| Bias Lower| Bias Upper Bias-to- % Bias
Conc. Bias 95% CL 95% CL Tolerance
(ng/mL) Ratio %

1 6 0.21 0.15 0.26 2.1 21

2 6 0.39 0.26 0.52 3.9 19.5

4 6 0.30 0.09 0.52 3.0 7.5

8 6 0.13 0.09 0.18 1.3 1.6

16 6 -0.13 -0.50 0.25 1.3 -0.8

Figure 4.3 shows the upper and lower accuracy limits of the experiment as red lines
at -1 pg/mL and 1 pg/mL, respectively, or 10% of the overall tolerance. It also visually
shows that the distance between the average points at each concentration and the 0.0 line
does not increase with concentration, again suggesting that the accuracy is not in direct
proportion to the theoretical values. Also, Figure 4.3 shows that points at 1 and 2 pg/mL
concentrations have relatively the same distance to the 0.0 line as other concentrations,
which indicates equal assay error across the test range. These two points should therefore
not be considered as failure data when evaluated with a correct method.

With the use of the bias-to-tolerance ratio %, the test results are within
specifications, as indicated in Table 4.1. The bias-to-tolerance ratio % for each
concentration was less than 10%, indicating that the method is accurate within the range of

the tested concentration of 1-16 pg/mL.
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Figure 5.3: Bias (ug/mL) vs. theoretical concentration (pg/mL)

5.1.3 Repeatability

Repeatability is an estimate of intra-assay variation and a measure of how
consistently the assay is repeated across several tests under the same conditions. The % CV
has been traditionally used to quantify repeatability, and an acceptable range is 15% or less.

Table 4.2 illustrates Partition of Variation main effect analysis outcome in JMP 16,
splitting Total Between and Total Within errors, and calculating Grand Total errors. The
main effects of day, analyst, and concentration explained Total Between errors, whereas
unexplained variation by these main effects was utilized as intra-assay error, the Total
Within errors, for repeatability. The Grand Total includes the total variation in this data set,
both intra-assay (repeatability) and inter-assay sources of variation, is regarded as

intermediate precision.
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Table 5.2: Partition of Variation Main Effect analysis

Theoretical Conc. Component % of Total | Standard Deviation
(ug/mL)

1 Total Between 59.79 0.037

Total Within 40.21 0.030

Grand Total 100.00 0.048

2 Total Between 78.07 0.103

Total Within 21.93 0.055

Grand Total 100.00 0.117

4 Total Between 32.73 0.107

Total Within 67.27 0.154

Grand Total 100.00 0.187

8 Total Between 11.18 0.013

Total Within 88.82 0.037

Grand Total 100.00 0.039

16 Total Between 87.47 0.304

Total Within 12.53 0.115

Grand Total 100.00 0.325

Table 4.3 shows that the repeatability % of CV tends to give higher values at lower
concentrations and lower values at higher concentrations. This trend is due to % CV using
different denominators for each concentration, which distorts the assessment and can lead

to assay performance misrepresentation.

Table 5.3: Repeatability results

Theoretical Replicates | Repeatability | Repeatability | Repeatability | Repeatability | Repeatability

Conc. Upper 95% | Lower 95% % of % of CV
(ng/mL) CL CL Tolerance

1 6 0.030 0.1 0.0 1.6 3.0

2 6 0.055 0.1 0.0 2.8 2.8

4 6 0.154 0.4 0.1 7.9 3.9

8 6 0.037 0.1 0.0 1.9 0.5

16 6 0.115 0.3 0.1 5.9 0.8

On the other hand, when repeatability % of tolerance is used, the denominator

remains constant, and results obtained are randomly scattered across all concentrations.
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The randomness of the scatter provides a good estimate of data variability, as in Figure 4.3,
where data consistency neither gets better nor gets worse with increased sample
concentration. This finding indicates that the repeatability % of tolerance provides a more
equitable evaluation of repeatability over the entire range of specifications to verify that
the performance of the assay is being tested in the same manner regardless of starting
sample concentration.

The uniformity of the repeatability % of tolerance confirms that this measurement
is more appropriate to be used to calculate repeatability in this case. Compared to % CV,
which can excessively favor larger concentrations by giving artificially low values and,
possibly, hiding real assay variability, the repeatability % of tolerance gives a fairer and
more accurate assessment at all concentrations. Therefore, we recommend the use of
repeatability % of tolerance instead of % CV to assess and report repeatability since it is a

more balanced and unbiased measure of assay performance.

5.1.4 Intermediate Precision

The objective of intermediate precision testing is to estimate inter-assay and intra-
assay variability and the extent to which a method is duplicated over a variety of factors,
e.g., concentration, analyst and day. A method will be precise if IP % tolerance is less than
15% at every theoretical concentration. Traditionally, % CV has been used to estimate IP,
where lower % CV indicates good precision.

Table 4.4 shows that IP % of tolerance in all the concentrations was below 15%,
thus validating the method across the entire range of 1-16 pg/mL. Results were dispersed

randomly in all the concentrations using the IP % of tolerance, showing improved
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variability across the entire assay range. The same is also true with results from
repeatability % of tolerance, where results become randomly dispersed across

concentrations.

Table 5.4: Intermediate Precision results

Theoretical Replicates | Intermediate IP Upper IP Lower IP % of| IP % of CV
Conc. Precision 95% CL 95% CL Tolerance
(ng/mL)

1 6 0.048 0.1 0.0 2.4 4.8

2 6 0.117 0.3 0.1 6.0 5.6

4 6 0.187 0.5 0.1 9.7 4.7

8 6 0.039 0.1 0.0 2.0 0.5

16 6 0.325 0.8 0.2 16.7 2.0

Conversely, the IP % of CV appears to be more favorable at higher sample
concentrations because of its relative concentration size dependence. This leads to lower %
CV and higher precision at higher concentrations that can overwhelm true variability and
performance issues. The IP % of tolerance provides a uniform basis for the measurement
of precision throughout the range of concentrations by employing absolute variability with
respect to the acceptable error limit of the assay. It allows comparison on a fairer basis by
measuring how well the assay performs based on preestablished acceptable criteria rather
than relative measures only, e.g., % CV, which can be misleading.

Therefore, the IP % of tolerance, similar to the repeatability % of tolerance, is a
more comprehensive parameter to predict the precision of an analytical procedure,
especially in regulated labs where predictability within specified ranges is essential. This
discussion revealed that while % CV has traditionally been employed to evaluate IP, IP %

of tolerance is a superior and unbiased estimator of assay performance.
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5.1.5 Range

The acceptable range of performance of the method for linearity, accuracy, and
repeatability was set at 1-16 pg/mL concentrations. It was guided by the findings of the
preceding section with tolerance-based testing to demonstrate the efficiency of the method.
The method thus demonstrated that the method is linear, accurate, and repeatable within
the range set.

While this validation establishes the application and effectiveness of the tolerance-
based DOE method, there are specific limitations that are worth noting. The tolerance
ranges used are set according to past data and statistical analysis with a hope that the
resulting ranges fairly reflect the true variation and intended performance of the assay. Such
measurements can be dependent on variation of representativeness of the data, definition
of tolerance, or quality of data. The testing was also achieved with one assay type and
material and might not be representative of other situations or analytes. Additional work
will be needed to show these measurements by employing different analytical method type,
materials, or assay conditions.

These limitations were kept in mind while interpreting the results of the studies.
Despite all such limitations, the tolerance-based approach actually provided good and
unbiased estimates of assay performance within the range studied and were superior to
traditional methods such as % bias, % CV, and % RSD. These results show that new
measures provide a stronger and firmer basis for measuring accuracy, repeatability, and

intermediate precision.

68



The subsequent validation would combine the enhanced approach and tolerance-
based metrics in a second assay and analyte. The identification of how these metrics work
in an array of experimental designs and conditions will continue to challenge their
application and use. Such activities will prove the potential of tolerance-based metrics as
universal validation tools for the confirmation of analytical assays with balanced and

unbiased assessment in all environments.

5.2 Results for NaBu Method Validation

The purpose of this study was to further evaluate the utility and feasibility of a
tolerance-based DOE approach for the validation of analytical methods. By integrating
important variables, such as analyst, day, and concentration, into an unbiased experimental
design, this enhanced approach allowed for accurate and useful reporting of results with
emphasis on the use of appropriate data analysis techniques, e.g., % tolerance instead of %
CV. Data for this study were derived from an analytical assay in which NaBu, a short chain
fatty acid (SCFA) and a crucial substance in exogenous protein production, was detected
and quantified using HPLC. Samples were prepared by dissolving NaBu in water, and six
replicates per concentration (4, 2, 1, 0.5, and 0.25 mM) were measured, totaling 30 samples.

A calibration curve was generated using Agilent ChemStation, an HPLC data
processing software, covering a range of 0.25-4 mM for the SCFA. The calibration curve
equation was y = 20.90891 x — 0.144574, with a coefficient of determination (R?) value of
1.00000. This calibration curve was used to determine the linearity, accuracy, repeatability,

intermediate precision, and range of the diluted NaBu samples.
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5.2.1 Linearity
For linearity assessment, a linear regression model was applied to theoretical vs.
measured polymer concentrations (Figure 4.4). The red line represents the bivariate fit with
the average of six replicates per concentration.
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Figure 5.4: Bivariate fit of the theoretical vs. measured concentration (mM)

To determine the linear range of this assay, studentized residuals from the linear
curve of Figure 4.5 were evaluated using a quadratic fit against theoretical concentrations.
The limits, depicted in the pink region, were determined as + 1.96 (a standard 95% CI) for
the studentized residuals within which the method was linear [76]. The pink region was
generated with the Fit Y by X model in JMP 16 using both the average values and
distributions of all the values at every concentration. Therefore, the pink region may not

cover all individual points in the plot, as the intention is to evaluate the general distribution
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and trend rather than individual points. To define the linear range with a 95% CI, a blue
line at 1.96 pug/mL on the residuals is traced on Figure 4.5. Thus, the linear range was
defined as 0 to 4.25 mM, yet all the tested concentrations within this work were in the range

of 0.25 to 4 mM, which was within the defined range.
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Figure 5.5: Bivariate fit of studentized residuals vs. theoretical concentrations

5.2.2 Accuracy/Bias

The goal of testing accuracy/bias is to examine the closeness of agreement between
theoretical and tested values. Accuracy has been traditionally tested based on % bias or %
recovery with an acceptable range of -15% to 15%. In this study, we recommend the bias-
to-tolerance ratio % as a better measure to test accuracy. The result is acceptable if the
tolerance-to-bias ratio is below 10% at all concentrations. In this test, the tolerance was

determined to be 0.25 mM, utilizing a USL 0f 0.25 mM and an LSL of 0 mM. This tolerance
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range was determined from the statistical distribution and evaluation of historical data. An
LSL of 0 mM was used because the assay is designed to test for residues, where the absent
of analyte is actually desirable. The USL of 0.25 mM was based on comparing it to the
LD50 oral rat value of 1632 mg/kg - a considerably larger figure than is encountered in
testing. Since this is a critical assay, a limit at £2 standard deviations (95.4%) of the mean
of historical data for NaBu concentration in the drug product was used and rounded to two
decimal places to obtain a USL of 0.25 mM. Such limits are reasonable variability and are
consonant with expectations for performance.

As is evident from Table 4.5, % bias at 0.25 pg/mL is significantly higher than other
concentrations, although no sign of lower accuracy is demonstrated from Figure 4.6. This
confirms that accuracy is not a direct function of theoretical values, confirming the
inadequacy of % bias as a data analysis method. Furthermore, Table 4.5 demonstrates the
overall trend that as concentrations get smaller, % bias goes up while it diminishes as
concentrations get larger. This fluctuation is due to the concentration-dependent
denominator factor involved in calculations for % bias, hence being unreliable in
attempting to assess assay accuracy.

On the other hand, the bias-to-tolerance ratio % was relatively constant for all the
concentrations in Table 4.5, indicating that assay errors were independent of the sample
concentration. This shows that % bias should not be used to analyze or report errors because
it may distort the accuracy based on concentration. Instead, the bias-to-tolerance ratio %

provides a better estimate by measuring errors on an equal scale across the assay range.
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Table 5.5: Accuracy/Bias results

Theoretical Replicates Accuracy/| Bias Lower| Bias Upper Bias-to- % Bias
Conc. Bias 95% CL 95% CL Tolerance
(ng/mL) Ratio %

0.25 6 0.003 0.251 0.255 1.2 1.2

0.5 6 0.001 0.500 0.503 0.4 0.2

1 6 -0.003 0.995 1.000 1.0 -0.3

2 6 -0.004 1.994 1.999 1.5 -0.2

4 6 0.002 3.995 4.009 0.9 0.1

Figure 4.6 demonstrates the maximum and minimum accuracies for the experiment,

designated by red lines at -0.025 mM and 0.025mM, being 10% of the full tolerance. Figure

4.6 graphically also depicts that the separation of the points averaging at every

concentration from the 0.0 line never gets wider as a function of concentration, reinforcing

again that accuracy does not always correspond linearly to theoretical values. Secondly,

Figure 8 illustrates that all data points are equidistant from the 0.0 line, which indicates

uniform assay error throughout the test range. In this case, no data points would be

considered failing data when they are analyzed by the proper method.

By using the bias-to-tolerance ratio %, test results pass the specifications, presented

in Table 4.5. Bias-to-tolerance ratio % for each concentration was under 10%,

demonstrating that the method is accurate within the 0.25 - 4 mM tested range.
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Figure 5.6: Bias (mM) vs. theoretical concentration (mM)

5.2.3 Repeatability

Repeatability measures intra-assay error and how consistently the assay can repeat
itself on different tests in the same conditions. Traditionally, % CV has been applied to
measure repeatability at an acceptance level of 15% or below.

Table 4.6 shows that the repeatability % of CV gives higher values at lower
concentrations and lower values at higher concentrations. This is a misleading
interpretation of the results because we can easily determine from Figure 8 that data points

of 4 mM have the greatest variations, which are the worst repeatability.
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Table 5.6: Repeatability results

Theoretical Replicates | Repeatability | Repeatability | Repeatability | Repeatability | Repeatability

Conc. Upper 95% | Lower 95% % of % of CV
(ng/mL) CL CL Tolerance

0.25 6 0.0015 0.0010 0.0038 3.2 0.6

0.5 6 0.0013 0.0008 0.0031 2.6 0.3

1 6 0.0022 0.0013 0.0053 4.5 0.2

2 6 0.0020 0.0013 0.0049 4.1 0.1

4 6 0.0060 0.0037 0.0147 12.3 0.2

In the other case, when the repeatability % of tolerance is used, the denominator is
equal and the values obtained represent the real variability of the data, as in Figure 4.6,
where the data are close to each other for 0.25, 0.5, 1 and 2 mM, and that 4 mM provides
the poorest repeatability. This indicates the fact that tolerance percentage repeatability
provides a more equitable estimation of repeatability across all the range of specification
so that assay performance is tested uniformly regardless of the initial concentration of the
sample.

The unbiased distribution of the repeatability % of tolerance ensures that this
parameter is more appropriate to assess repeatability in this case. Compared to % CV,
which may favor higher concentrations by generating artificially low values and hiding
true assay variability, the repeatability of tolerance gives a fairer and more accurate
estimate for all concentrations. Therefore, use of the repeatability % of tolerance rather
than the % CV to compute and report repeatability is advised since this method provides

more equitable and balanced assessment of assay performance.
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5.2.4 Intermediate Precision

Intermediate precision was not assessed due to the constraint that no two trained
analysts were available for this validation. Therefore, the validation was performed by a
single analyst, and the intermediate precision results are equivalent to repeatability under

these circumstances.

5.2.5 Range

The acceptable range of the method's performance in linearity, accuracy, and
repeatability was determined to be at the concentration range of 0.25 - 4 mM. This was
determined from the data in the previous section by applying a tolerance-based method of
evaluating the efficacy of the method. Notably, this method confirmed that the method is
linear, accurate, and repeatable within the provided range.

Comparatively, based on performance of two validation exercises, tolerance-based
measurements always provided unbiased and equitable accuracy ratings across the range
tested outperforming traditional measurements such as % bias, % CV, and % RSD. These
findings justify tolerance-based measurements to be superior techniques for assessing
accuracy, repeatability, and intermediate precision of an assay.

Follow-up studies should attempt to expand on this approach by evaluating
tolerance-based measures between assays and analytes on non-HPLC systems, and in
developing methodologies to define appropriate tolerance ranges. Experimentation to
compare the performance of these measures with different experimental designs and
conditions would further prove them to be usable and further develop their usefulness.

These longer efforts will allow tolerance-based measures to become globally applicable
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tools of analysis validation, facilitating equal and uniform determinations across different

contexts.

5.3 Results for Pipette Validation Study

In order to further solidify the enhanced analytical assay validation approaches
demonstrated, data from pipette validation would play a vital role in determining whether
the major errors from those assays were correctly captured [77].

Notable trends are observed for both pipettes: bias tends to increase with volume,
where % bias shows an inverse relationship, being higher at lower volumes and lower at
higher volumes (Figures 4.7 and 4.8). Given the specification limits of 10 pL for bias and
10% for % bias, validation failure based on % bias at high volumes is unlikely, indicating
that % bias may not fully account for the accuracy of pipetting at higher volumes.

Moreover, the standard deviation (stdev) scatter plot reveals a random distribution,
with ranges from 0 to 0.8 pL for the 200 pL pipette and from 0 to 4.0 uL for the 1000 pL
pipette. Despite this randomness, the % CV plots indicate that repeatability is significantly
poorer at low volumes than at high volumes. Thus, when % CV serves as the standard for
assessing pipetting performance, validation failure at higher volumes is improbable.

To enhance the clarity and comprehensiveness of this analysis, it is essential to
consider both the bias and % bias metrics, along with their implications for pipette accuracy.
Additionally, understanding the impact of injection volume on % CV is crucial for
evaluating repeatability. These findings highlight the importance of selecting appropriate
standards and limits for validation to ensure accurate and reliable pipetting across different

volume ranges.
77



200
150
100
0.50
0.00
-0.50
-1.00
-1.50
-2.00
2.50
-3.00

Bias (pL)

0.80
0.70
0.60
0.50
0.40

Stdev (jL)

0.30
0.20
0.10
0.00

Bias (pL)

Stdev (jL)
2

1.50

Bias vs Injection Volume

.
]
.
. 4 L]
(]
. L]
O
.
. .
.
50 100 150 200 250
Injection Violume (pL)
Stdev vs Injection Volume
.
L] .
. .
. .
L
L]
. L]
°
.
50 100 150 200 250

Injection Volume (pL)

Bias vs Injection Volume

[ ]
L]
L]
[ ]
. L ]
' $
200 400 600 800 1000 1200
Injection Volume (pL)
Stdev vs Injection Volume
.
L]
L ]
. ]
o :
[ ]
[ ]
200 400 600 800 1000 1200

Injection Violume (pL)

2.00%
0.00%
-2.00%
-4.00%
-6.00%
-8.00%
-10.00%

YeBias

-12.0086
-14.00%

1400
1200
1.00%

0.80%

HCV

0.60%
0.40%
0.20%
0.00%

2.00%

0.00%

2.00%

-4.00%

YeBias

-6,00%

-8.00%

-10.00%

2.00%

HCV

1.50%
1.00%
0.50%
0.00%

78

%Bias vs Injection Volume

[ ]
L] H |
a
L] [ ]
. [ ]
.
50 100 150 200 250

Injection Volume (pL)

%CV vs Injection Volume

L
¢ L]
i ——
L
50 100 150 200 250

Injection Volume (pL)
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The results indicate that % bias and % CV do not adequately capture true variability
across the entire pipetting range, as these metrics provide insights into accuracy or
repeatability only at specific points. This limitation is misaligned with the primary
objectives of assay validation, which require comprehensive validation across the entire
assay range [78]. Effective validation requires that parameters such as linearity, accuracy,
and repeatability be thoroughly evaluated across the full assay range.

The findings suggest that traditional validation approaches are insufficient.
Therefore, there is a need to develop a new validation strategy that can accurately capture
and demonstrate variations across the entire assay range. This approach will ensure that all
aspects of assays, including linearity, accuracy, and repeatability, are validated
comprehensively and fall within the intended operational range, leading to a more robust
and reliable validation process and ultimately enhancing the credibility and performance

of assays.
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Chapter 6 — Discussion and Conclusions

Results from the three experiments show that tolerance-based accuracy results more
closely reveal the true data pattern, unlike %bias or %recovery, which may skew the
outcomes. Typical %bias results would yield larger percentages for low concentrations and
smaller percentages for high concentrations, while the absolute distance between
theoretical and measured values remains relatively constant across the entire tested range.
Furthermore, the pipette validation results confirmed that, as the vector for transferring
analyte and therefore a major source of error for the system, errors generated from pipetting
are not directly proportional to the measured value. Therefore, using %bias or %recovery
to represent accuracy or bias is not appropriate. The bioanalytical assays aim to ensure that
the analyte of interest is tested accurately so that a patient would not be overdosed or
underdosed. Overdosing is potentially more dangerous, as some components could be toxic
to humans. However, the amount we care about should be relative to a system, such as the
human body, rather than to its own theoretical value. Therefore, setting specifications or
tolerance based on toxic levels to humans and requirements from manufacturing, then using
the tolerance as a consensus basis for relative calculation, best reveals the true distribution
of data, the relative deviation from their theoretical values, and the correlation to the entire
assay range. This method combines all three critical factors together, eventually being able
to evaluate assay fitness-for-use.

Similarly, repeatability, and intermediate precision results presented by %CV
or %RSD often fail to express the true data variation. In cases where the greatest variation

is presented on a plot, it may result in the smallest percentage of all by dividing it by a large
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denominator. This is especially common for large concentrations, where the variation could
give rise to more severe outcomes. When assessing an analyte from the range of 1 to 16,
when the same variations occur, results from %CV at 16 are 16 times lower than results
from 1, yet in reality, variations at higher concentrations, due to the base being so large,
could have already raised an alarm to patient health. In analytical assays, it is typical that
the highest chosen concentration is 16 times higher than the lowest one, as this is a common
practice to generate a 5-point calibration curve by doing 1:1 serial dilution. However, in
the same assay range, a sample at one concentration should not be 16 times more forgivable
than another, as we are actually evaluating around one concentration for this substance in
the drug. Therefore, anywhere in this assay range should have a uniform basis when it
comes to calculating and presenting relative data results.

Realizing the limitations of using traditional relative metrics such % bias % CV to
analyze and show results for analytical assays, we introduced a tolerance-based metric,
which could reveal the true distribution of data, the relative deviation from their theoretical
values for accuracy, the true variation and distribution of data for repeatability and
intermediate precision, and eventually the correlation to the entire assay range. We
introduced four common approaches to define spec limits or tolerance for an assay, and
each has its own strength to be used at certain phase of the development process.

Another improvement of our enhanced approach is the inclusion of DOE for the
entire assay development. Traditionally, DOE has been used primarily for intermediate
precision, where multiple factors such as analyst, day, instrument, and lab are included,
because it is challenging to design and analyze otherwise. Applying all these factors not

only to intermediate precision but also to linearity and accuracy makes the assay results
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more robust, in that all parameters involve the same number of factors that could affect
assay results. This not only makes our assay validation slightly more stringent—while still
fully complying with ICH guidelines and realistically not being harmful for the validation
of medicines—it also saves substantial lab consumables, time, and labor. Therefore, it is
believed that the tolerance-based DOE approach is superior to traditional assay validation
design, in which multiple sets of samples are prepared for parameters that could have been
prepared and assessed together.

The validation results demonstrate the effectiveness of a tolerance-based DOE
approach to optimize the precision and reliability of analytical methods. By moving away
from the traditional relative measures such as % CV and % Bias towards those directly
correlated to product attributes and specification limits, a system has been established that
better relates analytical method performance to CQAs and regulatory needs.

Findings from case studies support that the use of measures such as the
repeatability/IP % of tolerance and the bias-to-tolerance ratio % of an assay returns a more
accurate and comprehensive picture of an assay's performance. These measures reflect a
consistent estimate across different concentrations, particularly low concentrations, in
which accuracy will typically be problematic. The consistent performance supported
through this tolerance-based DOE validation shows the robustness and reliability of the
method in favor of practical use in assuring high-quality results.

The pipette validation study results are similar to the findings from the prior assay
validation results. For pipette validation, % Bias was higher at lower volumes and lower at
higher volumes, as it was for tolerance-based DOE assay validation. The trend illustrates

that bias-to-tolerance ratio % is more appropriate to evaluate accuracy/bias. In addition,
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pipette validation revealed standard deviation was randomly distributed throughout
volumes but % CV was higher at lower volumes and lower at higher volumes. This is also
in agreement with our DOE validation results as well, which established that repeatability
and intermediate precision should be assayed and reported on the percent of tolerance basis.

Like any novel approach, our tolerance-based DOE validation method has defined
the initial scope of application with boundaries that reflect the study’s focus rather than
limits. It was in this case demonstrated under HPLC for a specific low-concentration
impurity in a gene therapy product. As a result, it has not yet been applied to every
analytical method or pharmaceutical compound type. This validation provides a robust
proof-of-concept and a strong foundation for analytical methods using the tolerance-based
DOE approach and a research paper has been published introducing this methodology in a
leading pharmaceutical journal [59], although broader generalization remains to be
established.

While the tolerance-based DOE methodology is robust in design, it is not immune
to sensitivity in model assumptions and data conditions. A primary risk exists in the
inadequately defined specification limits. If the spec limits are too narrow or too wide,
particularly if they are established from limited or biased historical data, the validation
results will be misleading. Limits that are too tight will lead to false failures, and limits that
are too loose will fail to detect actual performance issues. In addition, a strong DOE
depends on the selection of appropriate factors and their levels to reflect real-world
conditions. Results will not be valid if critical variables are overlooked or set with wrong
test conditions. This is particularly important for assays sensitive to small ambient or

operational deviations on the protocols. Measurement variation and systematic errors can
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also interfere with the validation. Pipetting inaccuracy, operator technique differences, or
equipment calibration drift can add noise. Although the DOE approach assumes normal
variation, extremely large or unforeseen variations, particularly at low analyte levels, can
lead to results that are outside the specified tolerance limits. Finally, the analysis is valid
based on meeting certain statistical assumptions, such as normality of data, independence
of observations, and homoscedasticity. If these assumptions are not met, then the calculated
tolerance intervals may not be valid. Therefore, residual plots and statistical tests are
required to confirm the model.

Future research will strategically expand the method’s validation to confirm its
versatility. Apply the tolerance-based DOE framework to a wider array of pharmaceutical
compounds — from small-molecule APIs to complex biologics — will ensure method
consistency and effectiveness across diverse chemical and matrix contexts. Likewise,
additional studies could look into other analytical techniques, such as enzyme-linked
immunosorbent assay (ELISA), polymerase chain reaction (PCR), and capillary
electrophoresis (CE) to ensure that the benefit of the method is applicable to other assay
formats. Researchers could also explore varied validation conditions, including inter-
laboratory trials and intentional stress conditions, to demonstrate robustness under diverse
real-world scenarios. By expanding the validation envelope, these efforts will establish that
the method’s effectiveness is not limited to a single assay or environment.

Another important consideration is regulatory acceptance. The robustness of this
tolerance-based DOE method has been shown through direct head-to-head comparisons
with traditional analytical validation techniques and proved to be working and reliable.

While these initial comparative studies provide strong foundational evidence to support the
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enhanced approach, further study with a broader range of pharmaceutical compounds and
diverse analytical methods is usually expected by regulatory authorities as part of their due
diligence process. These additional investigations are standard practice for novel
methodologies and represent natural next steps toward full regulatory approval rather than
limitations specific to the new approach. Continued collaborative interactions with
regulators could further validate the new method's advantages, which in turn could
facilitate its broader adoption in pharmaceutical analytical validation processes.

To conclude, the importance of using a tolerance-based DOE approach in analytical
assay validation has been highlighted in the research case studies, demonstrating an
appropriate statistical and robust approach as per the need of industry. With ongoing
research to widen its scope and continued demonstration of its advantages, this approach
1s soon to become a versatile framework for ensuring analytical assays are fit for purpose

across a broad spectrum of pharmaceutical applications.
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Appendix A — Residuals Analysis

Residuals analysis was conducted by plotting the studentized residuals vs

theoretical concentration.

Concentrationmeasured—Concentrationipeoretical
Estimated standard devisaiton of residuals

Studentized Residuals =

Studentized residuals are more favorable than regular residuals in that they account
for differences in leverage and help to detect outliers and non-constant variance. They are
also easier to interpret, as the y-axis is in standard deviation units (Z-score), allowing
confidence levels to be easily set up to determine the linear range.
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Polynomial Fit Degree=2
Studentized Residuals Measured Conc. (pg/mL) = -0.00352 +
0.0369719*Theoretical Conc. (pg/ml) - 0.0076582*(Theoretical
Conc. (ug/mb)-6.2)"2

Summary of Fit

RSquare 0.026714
RSquare Adj -0.04538
Root Mean Square Error 1.061186
Mean of Response -0.0022
Observations (or Sum Wgts) 30

Parameter Estimates

Term Estimate Std Error tRatio Prob>|t| Lower95% Upper 95%
Intercept -0.00352 0.293309 -0.01 0.9905 -0.605341  0.5983015
Theoretical Conc. (pg/mL) 0.0369719 0.055883 066 0.5138 -0.077691  0.1516352

(Theoretical Conc. (ug/mb)-6.2)*2 -0.007658 0.008896 -0.86 0.3969 -0.025912  0.0105953

In this example, the mean of response is -0.0022, indicating that the residuals are

roughly centered around zero. The quadratic term is also insignificant, indicating that there
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is no curvature in the residuals. The low R? value also reveals that there is no trend across
the theoretical concentrations. All these evidence concludes that the residuals are randomly

distributed, which is essential in confirming model adequacy and the linearity assumption.
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Appendix B — Partition of Variation Main Effect Analysis

Theoretical Conc. (pg-mL)=1
Variability Gauge
Variability Chart for Measured Conc. (pg/mL)
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Theoratical Conc. (pg-ml)=2
Variability Gauge
Variability Chart for Measured Conc. (pa/mL)
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Thearetical Conc. (pg-mL)j=4

Variability Gauge
Variability Chart for Measured Cone. (pg/mL)
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Theoretical Conc. (ug-ml)=8
Variability Gauge
Variability Chart for Measured Conc. (ug/mL)
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Theoretical Conc. (pg-mL)=16

Variability Gauge
Variability Chart for Measured Conc, (pg/mL)
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