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Abstract

Digital Transformation of the Biopharmaceutical industry is enabling improved op-
erations through smart manufacturing. One area of interest is the application of
advanced data analytics techniques to supplement traditional workflows.

The focus of this research was developing a process simulation model to address a
defect observed at a manufacturing line at the Sanofi Pasteur Lyon site. This defect
entailed a series of Out-of-Trend batches with abnormally low content of a certain
attribute, at the end of a two-year process with complex product batch genealogy,
which complicated the use of a traditional approaches to Root Cause Analysis.

This study performed a statistical analysis of the defect batch attribute content
through production stages to determine which contained a Root Cause. Once this
analysis identified the Valence Assembly process as a stage of origin, a Discrete Event
Simulator for this process was developed based on historical process data and specifi-
cations. This simulator was able to model the current process and replicate the defect
in-silico. The simulator identified a specific Root Cause in the batch testing protocol
as well as the expected incidence rate of the defect over future campaigns. Finally,
the simulator evaluated the efficacy of two potential Corrective Process Changes.

This work functions as a practical exploration of integrating novel data analysis
and simulation techniques into traditional vaccine manufacturing activities.
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Thesis Supervisor: Luca Daniel
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Chapter 1

Introduction

The goal of this study is to depart from traditional methods of root cause analysis

and explore the potential of applying data analytics and simulation techniques to a

real challenge seen in a vaccine manufacturing production process. The focus of this

chapter is to give an overview of the overall project motivations and goals, as well as

detail the scope and general approach of the analysis.

1.1 Project Drivers and Motivation

Vaccines are credited with achieving an overwhelming amount of good for humanity

and in increasing quality of life across the world. These products have been able to

almost completely eradicate the incidence of many life-threatening diseases such as

smallpox and polio [41, 58]. Vaccines are estimated to save about 2-3 million deaths

every year and “offer the most cost effective and equitable health interventions known

to man” [44]. The industry itself has seen sustained high growth rates, 12-15% year

over year for the last 20 years, double that of the rest of the pharmaceutical industry

[34]. This growth can also be seen in the growth of the vaccine pipelines, doubling to

336 over the last ten years [34].

However, manufacturers in the industry are facing numerous growing challenges

that impact their operations. The first is the increasing safety standards due to the

uniquely preventive nature of vaccines, which demand increasingly higher manufac-

turing quality standards. There is also higher demand for more complex vaccine

products, composed of multiple valences aimed at different antigens, requiring a com-
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plex combination of production processes [34]. Finally much of the increased demand

comes from cost-constrained customers (e.g. public health organizations, governmen-

tal health entities, UNICEF, etc.) requiring efficient manufacturing operations on the

supply side [17].

These challenges point to the need for dramatic paradigm shifts in vaccine man-

ufacturing in order to drive the increased operational efficiency required. Digital

Transformation of the Biopharmaceutical Industry, through increased data collection

from connected devices as well as sophisticated insights from advanced data analyt-

ics, offers the potential to bring about these paradigm shifts [69]. Sanofi Pasteur, a

major vaccine manufacturer and the organization that hosted this research effort, is

committed to fully exploring the potential for digital transformation within biophar-

maceutical manufacturing; a recent Sanofi press release stated:

The digital transformation of Sanofi’s manufacturing network is a key ele-

ment of the company’s goal to leverage better use of data to optimize the

company’s manufacturing processes, increasing efficiencies, improving the

agility needed to respond to fast changing patient needs, and speeding up

the commercialization of new medicines emerging from the R&D pipeline

[10].

Sponsored by the Sanofi Pasteur Data Sciences team in the MTECH (Manufac-

turing Technology) group, this study was performed in support of the overarching

philosophy of moving beyond traditional approaches and advancing manufacturing

excellence through the application of advanced data analysis techniques associated

with Digital Transformation.

1.2 Problem Statement

The focus of this study was a manufacturing issue seen in one of the vaccines produced

at the Sanofi Pasteur Lyon site. The nature of the problem involved a series of Out-of-

Trend (OOT) batches that exhibited a lower than expected value of an attribute that

shall be named Attribute A, at the end of a multi-year production process. Although

20



an OOT investigation had been launched, this represented an opportunity for the

MTECH group to apply non-traditional analytical methods in an attempt to address

the issue and demonstrate the value of advanced data analysis techniques.

The primary goal of this internship was to apply simulation to determine con-

tributing causes to the OOT batch incidence as well as explore process changes to

address the issue. The thesis seeks to address the following questions:

∙ Did the product batches that became eventual constituents of the OOT de-

fect batches display significant, potentially detectable, differences from normal

batches at earlier stages of production?

∙ What was the contribution of process features versus quality control test char-

acteristics to the incidence of OOT batches?

∙ Are there process changes that the company could implement that would pre-

vent or mitigate the incidence of OOT batches?

1.3 Hypothesis and Research Approach

This research proceeded with the hypothesis that OOT trends exhibited differences

in Attribute A level in the production process steps earlier than at the end of the

formulation stage when they were detected. This hypothesis was tested by statistically

comparing the Attribute A levels of the ancestor batches of the eventual OOT batches

to the ancestor batches of those that exhibited the specified Attribute A level at the

end of the production process (referred to as normal batches).

Beyond differences caused by process characteristics, there was a hypothesis that

the analytical tests that measure the amount of Attribute A in batches also con-

tributed to the incidence of OOT batches. In order to evaluate the impact of the

analytical test performance characteristics on the process, a discrete event simulator

was constructed using data on the specific production campaign as well as known char-

acteristics of the analytical tests based on previous Sanofi validation testing. This

discrete event simulator conformed to the actual batch mixing procedure followed
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by the vaccine manufacturing process to create in-silico batches and was validated

against historical production data. This allowed for a comparison of expected ver-

sus actual Attribute A levels in the in-silico batches in an attempt to recreate the

observed real-life OOT batches in order to determine potential root causes.

Finally, this same discrete event simulator was used to evaluate potential correc-

tive process changes for their impact on the OOT Attribute A levels of the in-silico

batches. This involved creating simulator Attribute A testing protocols that specifi-

cally addressed process root causes identified previously. The efficacy of these process

changes was then quantified to compare them against each other.

1.4 Scope and Limitations

The scope of this work is limited to exploring the contributing factors to a past

incidence of OOT batches. All analyses were constrained to the data provided by

the production campaign of a single vaccine manufacturing line that produced the

historical OOT batches as well as validation testing on analytical tests used in the

process.

Given the time and effort required to implement process changes in a vaccine

manufacturing environment, the goal of this study was only to simulate and evaluate

process changes. Thus, the scope of this study did not involve the implementation of

any process changes or the set-up of any experiments to validate the efficacy of the

simulator or any proposed process changes.

1.5 Thesis Overview

The organizational structure of this thesis is the following:

Chapter 2 serves as an overview of the biopharmaceutical industry with more

specific emphasis on vaccine manufacturing. There is an overview of the Sanofi or-

ganization. This chapter concludes with a brief overview of Digital Transformation

efforts in the biopharmaceutical industry.

Chapter 3 details the specifics of the production process and the OOT incident
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that is the focus of this analysis, including the data sources and data analyzed. This

chapter finishes with highlighting the specific goals of the project as well as the

hypotheses of the research.

Chapter 4 entails a more detailed literature review on simulation techniques

relevant to the problem and their applications within a manufacturing environment.

This also involves an exploration of application of these techniques within a biophar-

maceutical and vaccine manufacturing environment.

Chapter 5 presents the approach used for exploring the product batch genealogy

as well as the statistical methods used to compare the defect and normal batch groups.

The chapter goes on to explain the application of simulation to the process and the

design of the discrete event simulator. Its data inputs are explained as well as its

validation against historical process data. The approach to determining the root

cause from simulated production campaigns is detailed as well as the analysis of

overall system behavior. Finally, the methods behind evaluating two case studies of

potential Corrective Process Changes and their efficacy in addressing the OOT batch

incidence was detailed.

Chapter 6 exhibits the results of visualizing the batch genealogy for the product

campaign and of statistically comparing the different batch groups. The simulator

validation results are presented as well as the simulator outputs for one and multiple

production campaigns. The analysis of the simulator outputs that implicate the

Attribute A test accuracy at production stage VA2 as a contributing factor to the

defect incidence are presented. Finally, the impact of two different potential corrective

process changes are presented before discussing the final recommendations.

Chapter 7 presents a summary of the findings of this study as well as the recom-

mendations for process changes. This chapter also explores areas for future research

efforts.
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Chapter 2

Problem Background

This work addresses a manufacturing defect observed within the vaccine manufac-

turing environment. This chapter provides an overview of the history and current

state of the vaccine industry with a specific emphasis on Sanofi Pasteur. There is

an explanation of an overall, generic vaccine manufacturing process as well as the

advent of digital transformation within the industry that enables and motivates this

research.

2.1 Vaccine Industry

Vaccination refers to the "deliberate immunization of an organism against infection

by a disease agent" [56]. The practice of vaccinology has allowed for humanity to

overcome susceptibility to a variety of infectious agents such as smallpox, diphtheria,

measles, mumps and countless others [53] to the point where it has been described

as the "greatest achievements in the history of medicine" [65]. The origins of the

practice have been traced back to instances in China and the Middle East where

people were inoculated with pustule material from infected individuals, before the

historic scientific study performed by Edward Jenner on inoculating subjects against

Poxvirus with Cowpox [64]. This initial effort was built upon by individuals such as

Louis Pasteur who explored the active cultivation of immunogenic agents via methods

such as bacterial fermentation and cultivation in organic material [65]. Since then

mass production of vaccines has developed alongside the general biopharmaceutical

manufacturing industry.
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The present Vaccine Industry had developed far beyond these early laboratory

experiments. The modern vaccine portfolio has increased in terms of product types

and includes different categories of immunogenic agents such as inactivated infectious

agents, live attenuated infectious agents, subunit vaccines and others. This year

there are approximately 120 new vaccine products in development [40]. The annual

Vaccine market as of 2018 was $33.7B USD and is expected to reach a value of $100B

USD in 2028 [40]. While the vaccine industry represents a small percentage, 2-3% of

the overall global pharmaceutical market, the industry is experiencing a much larger

growth rate than the rest of the drug industry, 10-15% compared to 5-7% [45].

The vaccine industry sees many challenges that are unique compared to the rest

of the biopharmaceutical industry. First and foremost, vaccines are a uniquely pre-

ventative solution and are administered to healthy individuals, thus this requires

elevated standards for safety and quality. The industry experiences higher scrutiny

accordingly. There are also complexities deriving from the diverse portfolio of differ-

ent vaccine types requiring a variety of production processes. The types of customers

(e.g. public health entities) create further quality and cost pressures on would-be vac-

cine manufacturers. These complexities and challenges ensure that the global vaccine

industry is dominated by a small number of large pharmaceutical companies such as

GlaxoSmithKline, Pfizer and Sanofi Pasteur [59].

2.2 Sanofi Pasteur

Sanofi S.A. is a French pharmaceutical company that that plays a major role in the

global pharmaceutical, biotech and vaccine market. The company employs 100,000+

employees and in 2018 had revenues of AC34.4B with AC5.9B invested in R&D as of

2018. The company has 75 manufacturing sites across 33 different countries and

provides therapeutic drugs in more than 170 countries across the world. The company

has a wide portfolio of drug therapies across areas such as: Oncology, Diabetes,

Cardiovascular diseases, Multiple Sclerosis and Vaccines [8].

Sanofi was founded in the 1970s as the subsidiary of an oil corporation when it

acquired a pharmaceutical company. The company was initially focused on small-
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molecule therapeutics but quickly expanded its portfolio and grew as a company

through many subsequent acquisitions and mergers [9]. One addition to the company

due to these corporate integrations was the organization that came to be known as

Sanofi Pasteur, the vaccine division of Sanofi, S.A.

This organization started off as the Mérieux Biological Institute founded by Marcel

Mérieux, a student under Louis Pasteur [7]. Since then Sanofi Pasteur has gone on to

become the largest company in the world that is entirely focused on vaccines and it is

the largest producer of vaccines worldwide. The company now has a diverse portfolio

of vaccine products addressing diseases including influenza, polio and meningitis and

boasts of its legacy of "more than 100 years to extending the life-saving power of

vaccination as broadly as possibly"[28]. The company has served vaccines to over

500 million people worldwide and produces more than 1 billion doses annually. The

company has more than 15,000 employees with 60% of them focused on manufacturing

and quality. Its commitment to providing high quality vaccines has the company

investing over $1M per day in vaccine R&D. Currently the company offers a range of

vaccines against diseases such as: Cholera, Tetanus, Meningitis, Polio, Influenza and

many more. All of these are in service to Sanofi Pasteur’s stated vision statement:

At Sanofi Pasteur, we work every day to realize our vision of a world in

which no one suffers or dies from a vaccine preventable disease. [29].

2.3 Vaccine Manufacturing Process

While there are production elements that are unique to vaccine manufacturing, there

are many commonalities with general biopharmaceutical manufacturing processes. It

is important to note that while the wide array of different vaccine products require

unique manufacturing process features; it is possible to achieve a high-level overview of

the process by considering the general method of manufacturing for bacterial antigen

vaccines. Figure 2-1 provides an overview of a generic vaccine manufacturing process

provided by Sanofi Pasteur [25].

The manufacturing process can be divided into two main phases, the first being
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Figure 2-1: Generic Vaccine Manufacturing Process Overview

bulk manufacturing (commonly referred to as the upstream process) and purification

(commonly referred to as the downstream process).

The upstream process starts with the cultivation of the microorganism or cell that

is intended to be the platform for producing antigens (usually a cellular or bacterial

platform). The material is recovered from a frozen cell line and then seed cultured on

a desktop system. The cells are then transferred between larger and larger containers

called bioreactors, increasing their volume in order to increase the final quantity of

vaccine product. The condition of the containers and their contents are extremely

carefully monitored and controlled to create the optimal growth conditions for the

cells. This involves the control of characteristics such as pH, Temperature, Agitation

Rate, Oxygen levels, Carbon Dioxide, feed rate of nutrients for the host material and

others. Maintenance of optimal conditions for maximal growth rate and cell survival

is a complex, nonlinear problem that is the product of many variables, however any

departure from these optimal conditions will result in inhibition of growth or even cell

death and thus sub-optimal process yield. For the viral vaccines, at the end of the

cell growth, the batch of cells is infected with viral content in order to have the hosts

express the antigen of interest which concludes the upstream process. An overview

of a generic upstream process for a vaccine production line can be seen in Figure 2-2

[50].

Once the total amount of cells has been virally infected and expresses the anti-

gen the downstream process then commences. The goal of the downstream process

is to purify out any presence of the original host material as well as any other im-
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Figure 2-2: Generic Vaccine Upstream Process Overview

Figure 2-3: Generic Vaccine Downstream Process Overview

purities that are present. The goal is to only have the desired immunogenic agents

present at the end of the process. Initially this involves harvesting the material via

centrifugation or another method to destroy the host cells and expose the antigens of

interest. There are a series of purification steps that involve, but are not limited to,

filtration and chromatography all designed to remove the presence of different types

of impurities based on size, affinity and other characteristics. At some point there

may be an inactivation step, if required, where the viral pathogenicity of the material

is suppressed (usually via physical or chemical agents) in order to prevent the end

product from infecting patients. The end goal is a concentrated amount of material

that only contains the immunogenic material without any impurities. An overview of

a generic downstream process for a vaccine production line can be seen in Figure 2-3

[71].

Once purified product has been obtained by the end of the downstream production

processes, the process enters the Formulation as well as the Fill/Finish stages of

production. Product batches can be mixed together and in the case of multi-valence

vaccine products, batches with immunogenic agents aimed at different antigens or

disease types are mixed together. In Formulation the active antigen ingredient is

mixed with different excipients, such as adjuvants which enhance immune response
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as well as product stabilizers and preservatives [30]. In Fill/Finish the products are

stabilized in their final form (e.g. vial or syringe) before being packaged and released

for distribution.

Bioprocesses such as these are extremely complex and require rigorous controls in

order to ensure safety and quality. This is exasperated in vaccine manufacturing where

there is the active inclusion of infectious agents. As such, quality control activities

are ubiquitously present throughout the above-detailed processes, in order to detect

impurities, confirm the elimination of product pathogenicity as well as measure the

level of active antigenic ingredient in the product. Sanofi Pasteur states that 70% of

vaccine production time is spent on quality control activities, and these correspond

to hundreds of tests that are required before a batch can be released [25]

2.3.1 Digital Transformation in Biotechnology and Vaccine In-
dustry

As detailed above, the biopharmaceutical production process is complex with many

process characteristics to measure and control in order to successfully deliver the

final product. Beyond status-quo product delivery there is the opportunity for better

process control and characterization in order to further optimize the yield as well as

better maintain and document the quality and safety of the product. In light of these

opportunities, companies like Sanofi Pasteur are motivated to pursue innovations in

their production processes. One of these areas of interest is Digital Transformation.

Digital Transformation is a vital arm of a paradigm shift named Industry 4.0.

Industry 4.0 refers to:

A new industrial revolution, one that marries advanced manufacturing

techniques with the Internet of Things to create manufacturing systems

that are not only interconnected but communicate, analyze and use infor-

mation to drive futher intelligent action back in the physical world [62]

In order to effectively bring about the potential benefits, manufacturing companies

have pursued Digital Transformation, commonly defined as the "the process of using

digital technologies to create new- or modify existing- business processes" [18]. For
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Figure 2-4: Overview of General Smart Manufacturing Benefits [68]

manufacturing companies, this often takes the form of adopting increased process

sensorization and connectivity through the Industrial Internet of Things as well as

advanced data analytics in order to derive actionable insights from data. Building

these smart factories yields tangible benefits for the companies that pursue them. A

survey performed by Deloitte indicates that companies that pursue Digital Trans-

formation of their manufacturing processes see tangible improvements in their labor

productivity, capacity utilization and total production output, see Figure 2-4.

The potential that Digital Transformation and Industry 4.0 holds for pharmaceu-

tical manufacturing processes has long been recognized. In 2004 the US Food and

Drug Administration (FDA) released a guidance on Process Analytical Technology

(PAT), a framework for increasing efficiencies of manufacturing processes within the

pharmaceutical industry through increased process understanding and control [19].

The framework proposes methods for process improvement through an approach com-

posed of collecting large amounts of data from the sensors of process analyzers and

the development of mathematical relationships between product quality attributes

and measurements of process attributes. This was further built upon in the FDA

guidance on Pharmaceutical Quality by Design which expressed the expectation that

quality be built into a process proactively through product and process understand-

ing, oftentimes through PAT initiatives [31]. The FDA has further encouraged the

adoption of new manufacturing technologies through its Emerging Technology Pro-
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gram, a program that allows for early engagement with the FDA to explore promising

technologies [22].

A number of white papers from the Biophorum Operations group detail a technol-

ogy roadmap for the biotechnology manufacturing industry demonstrating the need

and potential for increased in-line sensors, process data integration across labora-

tory, operational and IT data systems as well as the adoption of advanced machine

learning analysis and simulation techniques that are the result of improved sensor

technology, increases in IOT technologies, platform convergence and advances in an-

alytics techniques [24, 23]. These papers present the components of an idealized

automated bioproduction facility based on these Industry 4.0 concepts, see Figure

2-5 below. The National Institute for Innovation in Manufacturing Biopharmaceuti-

cals (NIIMBL) builds upon these ideas and details the potential for advanced process

analytics and modelling specifically within the vaccine manufacturing industry [27].

However, despite the potential for digital transformation and its accompanying ad-

vanced data analysis techniques, adoption by the pharmaceutical industry has been

slow. The industry has a "reputation of being cautious implementing new technology

and slow to make changes" due in part to concerns about process changes affect-

ing the product as well as the resulting regulatory ramifications [52]. This general

cultural inertia has resulted in struggles to exploit the full benefits of digitalization

and accordingly there is a lack of widespread enterprise digital transformations in the

industry, even as recently as 2019 [32]. This problem is exasperated in the vaccine

manufacturing industry, which generally lags behind the rest of the biotechnology

industry in capitalizing on the benefits of adopting new process technology [35].

Nevertheless, vaccine manufacturing companies, such as Sanofi Pasteur, remain

committed to pursuing the process advances that come with Digital Transformation.

One of the initial steps in this direction involves the adoption of the advanced data

analytics that are required for full digital transformation. This research represents

a tangible instance of this initial step, applying modern analytics and simulation

techniques to process data from an existing vaccine production line.
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Figure 2-5: Overview of Idealized Biopharmaceutical Production Facility with Indus-
try 4.0 Components [23]
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Chapter 3

Problem Formulation

A significant step in realizing the benefits of digital transformation is the adoption of

advanced data analysis techniques such as process simulation. This project represents

a tangible application of this technique to a real process problem seen in vaccine man-

ufacturing. This chapter details the problem observed, the different aspects involved

in determining the contributing factors to the defect and the exploration of potential

process changes addressing the problem.

3.1 Process Description and Out of Trend Batches

The subject of this research is an unspecified vaccine that is manufactured at the

Sanofi Pasteur Lyon site. The production stages that are relevant for this study

are designated as the Downstream Process and the Valence Assembly process, which

are detailed in later sections. There are two major categories of activities that are

relevant throughout this production process, the first is the physical process steps

themselves which carry out the purification and batch combinations, the second is

the analytical testing, where the batches are tested to determine the level of desired

characteristics. A general overview of the relevant parts of the production process is

depicted in Figure 3-1.
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Figure 3-1: Sanofi Pasteur Vaccine Production Process Overview

3.1.1 Process Steps

Purification

The initial portion of the relevant production processes involve the purification activ-

ities designed to take the bulk product produced by the upstream process and distill

it to the active ingredient, measured in this case by Attribute A. For this vaccine the

main activities in the downstream process are represented by steps DS1, DS2, DS3

and DS4. An overview of a generic vaccine production downstream process can be

seen in Figure 3-2 [48].

The multiple downstream process includes one or more filtration steps, clarifica-

tion steps, centrifugation steps, chromatography steps, etc. The filtration steps in

the process are designed to filter out impurities within the batch mixtures. During

cell harvesting at the end of the upstream process, the cells are usually lysed using

centrifugation. This creates a mixture of cell material, cell DNA and the presence

of other undesirable debris in the mixture alongside the desired attribute A. The

filtration steps are composed of membranes with various sizes of pores designed to

either retain the desired substances or allow it to pass through. The filtration steps

at earlier stages are designed to filter out the larger cruder impurities such as cellular

debris while later filtration steps are targeted towards smaller impurities. Some of

the process parameter data that are collected on the filtration equipment used here

include flow rate and overall pressure

Chromatography plays an essential role in the purification process of any biopro-
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Figure 3-2: Detailed Generic Vaccine Downstream Process Overview. USP - Up-
stream Process; DSP - Downstream Process; UF - ultrafiltration; DF - diafiltration;
IEX - ion exchange; HIC - hydrophobic interaction mode; SEC - size-exclusion chro-
matography [48]

duction process. The basic operating principle behind chromatography is that there

is a large column with a stationary material and mobile phase (usually the batch

being produced). Based on the properties of the stationary phase and the mobile

phase, the desired elements are either passed through or retained on the stationary

element before being cleaned and recovered. This overall process allows for separation

of materials on the basis of a wide variety of different properties.

The Ion-Exchange chromatography steps work on the basis of chemical affinity

and separate materials based on their affinity or attraction to the stationary medium.

These steps work by either immobilizing the impurities and retaining the substance

that passes through, or by allowing the impurities to pass through and retaining the

desired elements before "washing" them out of the stationary material and collecting

them. Size-Exclusion chromatography on the other hand separates materials on the

basis of the physical size of the molecules of each material, as this affects the speed

of passage through the stationary medium. Some of the process parameter data that

are collected from these chromatographic processes include column packing density,

time of the elution, etc.
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Figure 3-3: Sanofi Pasteur Vaccine Valence Assembly Process Overview

While each step is designed to remove impurities, an unavoidable additional result

is the reduction in the level of desired elements. After each of these processing steps,

there is a drop in the quantity of Attribute A. Thus, a key element of monitoring and

controlling the downstream process is measuring the amount of Attribute A in each

batch, which is accomplished by the analytical tests detailed in Section 3.1.2.

Valence Assembly

A relevant and key part of this production process is the valence assembly procedure.

For this particular vaccine production process, the final product is composed of dif-

ferent vaccine valences. Each valence is the result of an independent production line,

and contains a different version of the Attribute A. Using completed batches from

the different production lines, the production process proceeds according to the steps

seen in Figure 3-3.

For each valence, upon output from the downstream production process, a number

of batches (called VA1 batches) are diluted and mixed together in order to create one

VA2 batch at a final specified value of Attribute A. The quantities used of each batch

is determined according to the value of Attribute A within each batch as confirmed

by the analytical test performed on each batch (detailed in Section 3.1.2).

In the next step each VA2 batch is then again diluted, based again on their sup-

posed Attribute A content, and mixed with diluted VA2 batches from other valences,
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each to their own specified level of Attribute A. These batches are referred to as VA3

batches.

Finally each VA3 batch is then diluted again in order to have a specified amount of

Attribute A, depending on the final vaccine product. The resulting batch is called the

VA4 batch and is the final iteration of the product before moving on to the fill/finish

steps of the process. The VA4 batches represent different end product types and thus

have different specifications for Attribute A content as well as other characteristics

that vary between product types.

It is important to note the integral role that the Attribute A analytical test plays

in the Valence Assembly and formulation process. In this part the analytical tests

play more than a simple monitoring role, they are prescriptive. The decisions made

at each step are dependent on the level of Attribute A and thus the performance

and reliability of the analytical tests. Another influencing factor is that there are

different Attribute A analytical tests with different performance characteristics that

are validated for use at different production stages.

3.1.2 Analytical Steps

Although there are a wide array of analytical tests that are performed throughout

the production process of this vaccine, for the purposes of this thesis the focus will

be the analytical tests performed to detect the content of Attribute A in the batches.

In order to protect Sanofi Pasteur confidential information, the majority of the

information available on the analytical tests will be omitted. Throughout the pro-

duction process of interest there are two major tests used for testing Attribute A

content and they will be referred to as Analytical Test 1 and Analytical Test 2. They

measure the same Attribute A in terms of sample value, but have different operating

characteristics in terms of accuracy and variability. The accuracy for a test is mea-

sured via the metric "% recovery" (a test with 105% will tend to overestimate the

content, while one with 98% will tend to underestimate it). The variability for the

test is measured by a metric termed Precision, which roughly relates to the +/- % of

the true value that the measurement elicits. For the purposes of this work it will be
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referred to as Precision, so that a higher precision value for a test will refer to a higher

amount of variability. The test types are used at different production steps for dif-

ferent products. Each test will be performed for a certain number of determinations

and the final value will be the average of these determinations.

3.1.3 Out-of-Trend Batches

The subject of this thesis is an Out-of-Trend (OOT) incident that occurred with the

above-detailed vaccine production line. In order to maintain company confidentiality

for Sanofi Pasteur, many of the details will be obscured or omitted.

Recently the company has seen a number of batches that have exhibited a lower

than expected amount of Attribute A. This occurred in a number of sequential

batches, approximately 20 batches, creating an Out of Trend incident. An inves-

tigation was launched in order to determine the cause and contributing factors of the

OOT batches.

There are a number of factors that complicate determining the root cause of the

OOT incident. These batches were determined to have lower than expected Attribute

A at the VA4 stage, which is the end of the valence assembly process discussed above

presenting numerous complications.

By the end of VA4, there is a complex genealogy for each batch as it is the

result of combinations of several other batches. The end of VA4 is the result of

an approximately two year-long production process creating a long list of events to

consider for culpability in creating the OOT batches. At no point earlier in the

production process did these batches indicate any deviation from established control

limits, precluding any obvious candidates for having contributed to the incidence of

OOT batches.

Previous Sanofi investigations analyzing the production campaign data had the

following findings. First of all, the defect batches in VA4 were lower than the control

limits and had significantly lower amounts of Attribute A compared to normal batches.

The same was true for the ancestors of these OOT batches in stage VA3. The analysis

found that in VA2, there was a "flip-flopping" effect where the ancestor batches in
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this stage had a statistically significant higher amount of Attribute A (but still within

control limits) compared to normal batches.

3.2 Project Goals and Hypotheses

The ultimate focus of this thesis was assisting the effort of the OOT batch investi-

gation and determining the root causes and contributing factors to the OOT batch

incidence. Another goal of this study was to make a practical application of advanced

data analytics to this problem to show the value of these approaches when used to

supplement traditional investigative techniques.

Specifically the goals of this research are to determine the following:

∙ Earlier Indications of Deviant Batches: Evaluate whether the OOT batches

or their ancestor batches demonstrate any differences from normal batches in the

historical batch process data on the basis of Attribute A to determine whether

there are earlier detectable indicators of eventual OOT batches.

∙ Analytical Test Causes: Determine what impact the analytical test perfor-

mance characteristics had on the batch mixing and Valence Assembly process

and whether these were contributing factors to the defect incidence.

∙ Process Change Recommendation: Dependent on the findings for the

above goals, explore different process changes that would be able to address

the OOT batch incidence and then evaluate the optimal process change for a

recommendation.

With respect to the project goals listed above, this research proceeded with the

following hypotheses.

We hypothesized that there would indeed be significantly detectable differences

of OOT batches far earlier in the production process, allowing for earlier indicators

of eventual OOT status with respect to Attribute A. Given the complex genealogy of

the final batches, it was hypothesized that the ancestor batches would show differing

levels of Attribute A earlier in production.
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It is generally accepted that the analytical tests used in biomanufacturing and

vaccine production contain a large amount of inherent variability. Since the outputs

of these tests are used in batch mixing, there was a hypothesis that the analytical

test performance characteristics contributed to the incidence of OOT batches.

Although not a specific hypothesis, the initial belief was that it could be demon-

strated that there are process changes that would be able to reduce or eliminate the

OOT Batch incidence for this vaccine production line.

3.3 Data Overview

In order to carry out this holistic data analysis, compared to traditional analysis which

was isolated by production stage, data was integrated across a number of sources and

production stages.

There are a number of different data collection efforts across the vaccine produc-

tion line, resulting in a number of different databases. The results of analytical or

quality control tests run on the batches themselves are stored in the Laboratory In-

formation Management System (LIMS). These data are taken on the interval that the

quality control tests are performed, ranging from hours to days. The data from the

process equipment carrying out the production steps (e.g. bioreactors, chromatog-

raphy columns, filtration machines) are stored in Manufacturing Execution Systems

(MES) and Supervisory Control and Data Acquisition Systems (SCADA). Some of

these data originate from real-time sensors so they can be at much higher sampling

rates than other sources of data. Higher level business information such as tracking

batches across production steps or batch genealogy was stored in Enterprise Resource

Planning systems (ERP). Sanofi Pasteur’s Process Data Warehouse (PDW) allows

SQL queries to be run to compile the data from all of the above-listed sources for all

of the batches from the production campaign that produced the OOT batches.

This research also made use of Sanofi standard operating procedures and validation

documentation that provided information on the process steps, production equipment

and analytical/QC tests.
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3.4 Project Approach

In order to fulfill the goals of this research project which were to identify and address

the OOT batch incident, the following approaches were pursued.

3.4.1 Earlier Indications of Deviant Batches

The Attribute A test results for every batch are available from the LIMS data and

can be associated with each Batch ID from the ERP data. This will also allow

for a tracking of batch genealogy from the ERP batch records. First this study

mapped out the batch genealogy tracing ancestor batches through batch mixing as

well as previous downstream process steps. The ancestor OOT batches group were

statistically compared with the ancestor normal batch group on the basis of Attribute

A content. This statistical comparison was performed on an individual process stage

basis as well as levels across process stages.

3.4.2 Analytical Test Causes

In order to evaluate the impact of the analytical tests on the resulting ending batch

Attribute A levels, a discrete event simulator was constructed to simulate the Valence

Assembly process. This discrete event simulator created in-silico vaccine batches and

simulated their progress through production and batch-mixing. Attribute A levels

and their percentage drops between stages were drawn from probability distributions

based on the data from the production campaigns. The batch mixing simulation

followed the real-life manufacturing process and Attribute A test performance was

based on previous Sanofi validation documents. The discrete event simulator will

simulate multiple production campaigns and track the number of batches that exhibit

similar OOT behavior in terms of measured versus actual Attribute A for each in-silico

batch.

3.4.3 Process Change Recommendations

The same discrete event simulator was used to evaluate the impact of potential pro-

cess changes on the OOT batch incidence by quantifying the abnormal Attribute A
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levels in OOT batches at the end of the simulated production process for multiple

campaigns. These process change scenarios involved differences in the procedure for

testing Attribute A levels (e.g. performing more level determinations) or using tests

with different characteristics. These process changes were evaluated to determine

impact on the product and OOT incidence in terms of simulated defect batches per

campaign. This was used to arrive at a final recommended process change.
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Chapter 4

Literature Review

Given the previously detailed project goals and the priorities of the MTECH group,

this project seeks to apply advanced data analytics techniques to what is ultimately a

Root Cause Analysis problem. This chapter begins with an overview and background

of common root cause identification processes used in manufacturing and biopharma-

ceutical manufacturing. This literature review then examines how Process Simulation

has been used in manufacturing environments. Finally, the use of Process Simulation

for the targets relevant to this work, such as Root Cause Analysis, Batch-Mixing or

Inspection Test Points, are explored in detail.

4.1 Root Cause Analysis in Biotechnology Industry
and Machine Learning Approaches

Due to the importance and potential impact of pharmaceutical and biotechnology

products, regulatory bodies have long had stringent compliance requirements and

guidelines for their manufacturers. The US Food and Drug Administration (FDA)

enforces product quality through the mandated adherence of producers to Current

Good Manufacturing Practices (CGMPs) [26] and the implementation of compre-

hensive Quality Systems [20] which require deep process understanding as well as

continual process monitoring. One key aspect that is required under these Quality

Systems is a set of procedures to record and address product non-conformities (prod-

ucts deviating from specifications). Beyond addressing the specific non-conformities,

these procedures also call for corrective actions, which are intended to prevent the
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recurrence of non-conformities. These require investigations into the underlying cause

of the observed non-conformity, in order to determine the true origin of the anomaly.

Performing this investigation often makes the use of a technique called Root Cause

Analysis (RCA) a structured process which is prominently used in the biotech and

pharmaceutical industry to determine how Critical Quality Attributes (CQAs) are

affected by Critical Process Parameters (CPPs) [37]. The FDA does not mandate

specific techniques that are required for RCA and thus a variety of both non-statistical

and statistical techniques can be applied to identify the true cause. Non-statistical

techniques involve methods such as the 5 Whys (asking why 5 times to get past a

surface cause to the true underlying process cause) or a Fishbone diagram (charts

identifying multiple contributing causes) [66]. Statistical analyses are also performed,

although they are commonly simple analyses. Snee, as recently as 2017, recommended

the use of simple tools such as histograms, summary statistics, t-tests and ANOVAs

in order to identify the root cause of a defect in an increasingly complicated produc-

tion process [63]. Accordingly, the FDA has observed a high number of inadequate or

incorrect RCA investigations in recent years and are releasing guidances on improved

RCA techniques [21]. Considering the importance of RCA, the inadequacy of current

methods, the high volume of data available from modern bioproduction control sys-

tems as well as the increased sensor data coming in from PAT, there is great interest

in the industry in the novel application of data analytics techniques to improve RCA

investigations.

4.2 Process Simulation in Manufacturing and Biotech-
nology Industries

4.2.1 Overview of Process Simulation in Manufacturing

One analytics technique that was explored in addressing this OOT problem is that

of process simulation. Although there is a long history of process simulation use in

manufacturing, its use in Root Cause Analysis as well as the Vaccine Manufacturing

industry has been under-explored and is a compelling candidate for novel applications
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Figure 4-1: History of Simulation Methods [54]

of analytics with the biomanufacturing workflow.

Simulation in a manufacturing context refers to the "process of creating and ex-

perimenting with a computerized mathematical model of a physical system" [38] or

alternatively "Simulation is the imitation of the operation of a real-world process or

system... to draw inferences concerning operating characteristics of the real system

that is represented" [36]. The concept of simulation has had a long history of devel-

opment, quickly evolving into a number of different types of simulation techniques,

an early history is depicted in Figure 4-1.

Due to the clear value of applying simulation in order to characterize and optimize

production processes, the technique has been applied in a number of different domains

across the manufacturing environment, see Figure 4-2

One of the most widely-used subsets of process simulation used in manufactur-

ing contexts is that of Discrete Event Simulation, a literature review of simulation

applications within manufacturing and business indicated it was present in over 40%

of papers reviewed [43]. Discrete Event Simulation can be defined as a dynamic sys-

tem model that contains both stochastic and deterministic elements, and involves

state changes that happen at discrete time points [49]. Within a broader manufac-

turing context Discrete Event Simulation applications found in the literature can be

categorized in the general domains seen in Table 4.1 [55]:
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Figure 4-2: Common Domain Areas for Simulation within Manufacturing [54]

Table 4.1: Application Domains of Discrete Event Simulation in Manufacturing

General Category Specific Category
Manufacturing System Design Process and Facility Layout and Design

Raw Material Handling
Manufacturing System Operations Operations Planning and Scheduling

Maintenance Planning and Scheduling
Real-Time Control

Process Performance Analysis

48



Figure 4-3: Common Domain Areas of Simulation within Biopharmaceutical Manu-
facturing [60]

As manufacturing processes around the production of pharmaceutical and bio-

logics products advanced, the industry saw a sustained interest in applying similar

simulation techniques to problems specific to this subset of manufacturing. Simu-

lation in this industry was crucial due to the complex cascading effects of process

variations at disparate stages on the overall system, however these processes present

challenges due to the uncertainty around process steps and product characteristics

[60]. Discrete Event Simulation is a valuable tool in the face of these opportunities

and challenges, due to its ability to handle discrete multi-stage production processes

as well as both deterministic and stochastic elements of biopharmaceutical production

processes. Sachidananda et al. identify the following general areas of application for

Discrete Event Simulation within biopharmaceutical manufacturing, see Figure 4-3

[60].

4.2.2 Relevant Targets of Process Simulation

Notably absent from the categories of application of simulation in either the general

or biopharmaceutical manufacturing is Root Cause Analysis or Defect Characteriza-

tion. This thesis seeks to perform a novel application of Discrete Event Simulation in

service of Root Cause Analysis for the OOT defect presented in Chapter 3. Given the

discrete multi-stage properties of the of the Vaccine Manufacturing process laid out in

Chapter 3 as well as the stochastic nature of certain elements of the process, Discrete

Event Simulation is the appropriate method to apply. However, there are specific ele-

ments of this problem and desired solution that required additional consideration for

a Discrete Event Simulation solution. The first is that the desired simulation requires

49



the analysis of the analytical tests themselves and their e�ect on the overall process

output. The second is that this vaccine manufacturing process involves the mixing of

disparate batches into new ones. This literature review continues by exploring prior

art on simulation for root cause analysis as well incorporating inspection tests and

batch mixing into a simulation model.

Process Simulation for Root Cause Analysis

While the previous research has indicated that process simulation has been used for

process characterization or performance analysis, there is little research that shows

process simulation being speci�cally used to provide evidence of a contributing cause

for a demonstrated defect. Some relevant studies have been performed, Aqlan et

al. integrate simulation and analytics to simulate the incidence of defects and their

impact on the system in a server manufacturing environment but the cause of the

defect is based on analysis of historical defect resolution data rather than analyzing

dynamics of the simulation model [33]. Another example is the analysis performed

by Padhi et al, which used a Discrete Event Simulator to simulate an automotive

manufacturing process, but they used the simulator to identify process disruptions

rather than to identify the cause of product defects [57]. This literature research failed

to produce a study that used a process simulation to identify the unknown causes

of a product defect from process features in vaccine production or manufacturing in

general.

Process Simulation Models Incorporating Batch Mixing

A key feature of the process under study that impacts the design of a discrete event

simulator is the mixing of product batches to create new batches that independently

proceed with production. Batch processes are common across industrial manufactur-

ing and involve any type of production with discrete outputs or groups of outputs [46].

Less common in manufacturing is batch-mixing where batches are mixed together to

create larger amounts or volumes, as seen in the vaccine valence assembly process

that is the focus of this thesis. This tends to occur more often in process industries
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where batches are generally indistinguishable such as chemical, biopharmaceutical or

beverage production processes. Additionally there have been few studies focused on

simulating and optimizing the process decisions that go into mixing product batches

into single product batches. The most relevant study to the current e�ort involved

the use of simulation to optimize the batch mixing process to address the trade-o�

between batch-to-batch quality variation as well as production e�ciency in use of

product in traditional Chinese medicine production [70]. This literature has failed to

�nd relevant studies to batch-mixing simulation in biopharmaceutical production or

general manufacturing. As such this work presents a unique application of simulation

to determine the e�ects of batch mixing decisions as well as an attempt to optimize

those decisions within a manufacturing context.

Process Simulation Models focused on Inspection Points

This thesis uses simulation to examine the impact of analytical test characteristics

on the vaccine production concepts. Each of these analytical tests can be consid-

ered an inspection point or quality control test. Previous research in manufacturing

has incorporated inspection points into simulations, but these studies have mostly

focused on the optimal allocation of inspection points within a production process,

a problem that has been studied comprehensively [51]. These simulation studies

largely implement discrete event simulators to model the likely process time impacts

of distributing inspection tests across a production process and generally optimize to

minimize process impact without compromising product quality [61, 47, 67]. However,

these studies assume broad, �xed characteristics for the inspection or quality control

tests. There are some relevant but limited studies in exploring simulation in assessing

Quality Management, where the stochastic nature of the accuracy and variability of

inspection tests are simulated and analyzed for process impact [39]. This thesis seeks

to pursue a similar but fuller simulation of analytical test characteristics and their

impact on end product quality but within a speci�c vaccine manufacturing context.

This section identi�ed the speci�c aspects of process simulation that are relevant to

this thesis: Process Simulation for Root Cause Analysis, Process Simulation incorpo-
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rating Batch-mixing and Granular Simulation of Analytical Tests. While each speci�c

area of interest has some demonstrated relevant prior art, this literature review has

shown that these studies are not aimed at the need of the current problem and that

applications within biopharmaceutical manufacturing processes are underrepresented.

This highlights the novelty of this work in applying discrete event simulation specif-

ically to reveal the contributing features of the analytical tests to a speci�c product

defect within vaccine manufacturing.
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Chapter 5

Research Methodology

This chapter details the approach to applying analytics to the process data from the

vaccine production line in order to determine a root cause for the defects seen. The

process data on the production season from the vaccine manufacturer is described

in detail. The methods for statistical analysis of Attribute A content of the prod-

uct batches at various stages of downstream production is presented. This chapter

presents the approach behind the design of the Discrete Event Simulator of the Vac-

cine Valence Assembly process, including the approach behind simulating the batch

Attribute A levels, the Attribute A Tests and the batch mixing procedure. The

procedure for validating this simulator against historical process data is detailed. Fi-

nally, this chapter presents the procedure around using this Simulator to determine

likely Root Cause of the defect and for evaluating the e�cacy of proposed Corrective

Process Changes.

5.1 Data Overview

As described previously in Chapter 3, the data used in this analysis consisted of

data on the vaccine manufacturing production process from various sources. The

sources of data include the Laboratory Information Management System (LIMS), the

Manufacturing Execution System (MES), Distributed Control Systems (DCS), the

Supervisory Control and Data Acquisition Systems (SCADA), Enterprise Resource

Planning systems (ERP). Sano�'s Process Data Warehouse (PDW) was used to com-

pile the data across these di�erent sources into a dataset that covered the product
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Table 5.1: General Project Data Category Overview

Data Category Database Source Description

Process Data MES, DCS,
SCADA

Process and Equipment Data from Produc-
tion Steps (e.g. Temperature)

Analytical Data LIMS Test Results and additional data from Lab-
oratory Quality Control tests (such as At-
tribute A content) run on production batches

Batch Genealogy ERP Batch IDs and genealogy between upstream
batches mixed together to create downstream
batches

batches from the production season that was the source of the defect batches. See

Table 5.1 for a list of the general data categories.

Process and Analytical Data was available in di�erent formats for di�erent steps,

see Figure 5-1 below for an outline of the data that was available for production

batches as well as the structure of that data. The genealogy data allowed for a prove-

nance record detailing which batches were mixed together or diluted to create down-

stream batches. The process data-sets were available for the Downstream Processing

steps as well as the �rst VA1 step in Valence assembly and contained process features

for each speci�c batch. The analytical data-sets were organized by each speci�c test

that was performed and these corresponded to individual production batches.

As the data was spread across a number of di�erent data-sets, code was developed

in Python in order to aggregate the data by batch for ease of analysis. ThePandas

package was used to create the DataFrames to store and manipulate the data [6].

The appropriate subset of the data was selected using the VA2 batches identi�ed

in the earlier Sano� Pasteur analysis as a frame of reference. These VA2 batches were

produced in the 2015-2016 production season so all VA2 batches of this product during

this production season were included. Additionally, all batches that were ancestors

of these VA2 batches as well as batches that are descendants of these batches were

included in the overall data-set analyzed. These batches were then categorized into

"Normal" Product batches and "OOT" Batches which were the OOT batches seen in
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Figure 5-1: Correspondence between Project Datasets and Process Steps

production or those that are related to them via the batch genealogy. An overview

of the number of batches in each category across this data-set available for analysis

can be seen in Table 5.2. While the percentages of OOT batches decrease in the later

stages, this is expected due to procedure of splitting upstream batches into multiple

downstream batches, resulting in a lower proportion OOT batches relative to the

normal ones in downstream stages.

Table 5.2: Batch Dataset Overview

Stage DS1 DS2 DS3 DS4 VA1 VA2 VA3 VA4

Normal Batches 30 30 30 30 30 11 119 286
OOT Batches 6 6 6 6 6 2 12 19
Total Batches 36 36 36 36 36 13 131 305

% OOT Batches 16.7% 16.7% 16.7% 16.7% 16.7% 15.4% 9.2% 6.2%
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5.2 Tracking Batch Characteristics across Produc-
tion Stages

Sano� Pasteur's previous Attribute A level analyses were aimed at �nding a root

cause for this defect involved Valence Assembly process stages in isolation. With this

project Sano� Pasteur intended to adopt a more holistic, end-to-end view of historical

production batch Attribute A levels throughout the entire downstream and valence

assembly production process. Another point of interest was comparing Attribute A

levels between defect and normal batches at earlier stages in the process. This section

details the approach in developing a visualization to this end of a holistic analysis as

well as the statistical analyses performed to compare the batch Attribute A levels at

various production stages.

5.2.1 Product Batch Genealogy Visualization Methods

The holistic analysis of the historical batch progress through the production steps was

implemented in two main visualizations. The �rst visualization is a general overview

of the batch genealogy and depicts the passage of product batches through production

steps based on the time. The second visualization depicts the genealogy of the batches

and their progression through production steps but focuses on depicting the relative

Attribute A levels to illustrate how they evolve for each batch in relation to others.

Temporal Product Batch Genealogy Visualization Methods

The �rst visualization was developed using the timestamp recorded for each product

batch at each production stage. Each batch was plotted as a node at its production

stage across the x-axis and at its speci�c time of production across the y-axis. The

genealogy data-set provided by the ERP was used to determine connections between

the product batches at di�erent product stages and edges were drawn between them.

Finally, the identi�ed defect batches at the VA4, VA3 and VA2 stages were colored red

as well as their ancestor batches in the VA1 stage. Earlier stages in the downstream

production process were not included due to a lack of discrete timestamps at those

stages. This resulted in an overview of the batches from the relevant production
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seasons and their progression through the production stages over time.

Attribute A Product Batch Genealogy Visualization Methods

The second visualization was developed using the recorded measured Attribute A

content in the Analytical data set for each product batch at each production stage.

The overall goal was for a holistic visual overview that would depict any trends in

Attribute A level that di�erentiate ancestor defect batches from normal ones at earlier

production stages. This required the ability to visualize how each product batch

compared to the other batches as well as the OOT control limits at each production

stage. However, this also required the ability to visualize how a particular batch's

relative Attribute A content changed across all production stages under investigation.

As each production stage has signi�cantly di�erent average levels of Attribute A

content as well as distinct values for the OOT control limits, these were normalized

across all stages to create a holistic overview. In order to standardize the ranges of

values to one consistent range, the Attribute A data at each production stage was

linearly transformed with a Min-Max Normalization [42], see equation 5.1.

x0 = ( b� a) �
x � lower

upper � lower
+ a (5.1)

In equation 5.1,b and a refer to the desired upper and lower bounds, in this case

chosen to be +1 and -1 for graphing purposes.upper and lower refer to the actual

OOT upper and lower control limits for a speci�c production stage.x refers to the

Attribute A content measured for a speci�c product batch at the speci�c production

stage. This equation was applied to each product batch at each production stage to

get the normalized values for a simultaneous visual comparison across all production

steps. The ancestor defect product batches were colored red with black connecting

lines while the normal batches and their connecting lines were colored light grey. The

normalized upper and lower control batches were depicted as red dashed lines.
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5.2.2 Product Batch Attribute A Statistical Analysis Methods

This project also sought to extend the previous statistical analysis into earlier stages of

production to determine whether there were signi�cant di�erences between ancestor

defect batches and normal batches earlier in production. Any di�erences found in

these stages would prove valuable in determining a signal or cause that could preempt

this speci�c defect by about 2 years. This project performed statistical comparisons

between the ancestor batches and the normal batches on the basis of Attribute A

content.

Statistical Method Decision Process

The batches were analyzed in the production stages DS1, DS2, DS3, DS4, VA1 as

well as repeating previous analyses for stages VA2, VA3 and VA4. As depicted in 5.2,

due to the batch genealogy each production stage has di�erent numbers of batches for

the OOT Defect group as well as the Normal group. These groups also have di�erent

characteristics such as normality and variances across di�erent production stages.

These characteristics had to be evaluated prior to comparison in order to choose

the �tting statistical procedure. The decision process for choosing the appropriate

statistical procedure is presented below.

In each production stage, the two groups were �rst evaluated by creating a his-

togram with 10 bins, binned by Attribute A content. The OOT defect batch groups

were colored red while the normal batch groups were colored grey. Then each group

was tested for normality using the Shapiro-Wilk test, and both batch groups' vari-

ances were compared for equality using the Levene Test. Based on the results of

these tests, the appropriate statistical comparison method was chosen as indicated in

the decision table in Table 5.3. The result of the statistical comparison test chosen

determined whether the two groups could be considered signi�cantly di�erent or not

on the bases of Attribute A content. In the result of non-normal batch groups and

non-equal variances all of the statistical tests were run to help determine the result

based on alignment between the tests
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Table 5.3: Statistical Comparison Method Decision Process

Both Groups Normal? Equal Variances? Statistical Test Chosen

Yes Yes T-Test
Yes No Welch T-Test
No Yes Mann-Whitney U Test
No No Perform all 3 above tests

Shapiro-Wilk Test

The Shapiro-Wilk test is a statistical method that tests the null hypothesis that the

distribution of a sample's population is normally distributed. The test calculates the

following W statistic, see Equation 5.2 [4].

W =
(
P n

i =1 ai x(i ))2

P n
i =1 (x i � �x)2

(5.2)

Here x(i ) are the sample values in order,�x is the sample mean,n is the number

of samples andai are constants generated from the order statistics of a sample size

n derived from a standard normal distribution. The test statisticW was tested for

each batch group to derive ap value which was then compared against an alpha level,

which in this case wasa = 0:05. If the p < 0:05 then the null hypothesis was rejected

and the group's population was considered non-normal. The Shapiro-Wilk test was

implemented in Python using theScipy.Statspackage [14]. In the scenarios where the

group size was too small to run Shapiro-Wilk (< 3) then the population was assumed

to be normal.

Levene Test

The Levene test is a statistical method that evaluates whether all input sample data

come from populations that have variances that are equal to each other. The null

hypothesis is that population variances are equal. The test calculated the following

W test statistic, see Equation 5.3 [1].
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W =
(N � k)
(k � 1)

P k
i =1 N i ( �Z i: � �Z ::)2

P k
i =1

P N i
j =1 (Z ij � �Z i: )2

(5.3)

Where N is the sample size over all populations,k are the subgroups to be tested

(in this case each type of product batch OOT or Normal),N i is the sample size of

the i th subgroup. Z ij refers to one of the two following possibilities depending on the

outcome of the Shapiro-Wilk Normality test (Equation 5.2):

� Z ij = jYij � �Yi: j where �Yi: is the mean of the i th subgroup. To be used when

the population was evaluated to be normal

� Z ij = jYij � �Yi: j where �Yi: is the median of the i th subgroup. To be used when

the population was evaluated to be non-normal

�Z :: refers to the mean of allZ ij and �Z i: is the group mean of theZ ij . The resulting

test statistic W was evaluated against a critical value drawn from anF distribution

conforming toFa;k� 1;N � k wherea refers to the alpha value which in this case was cho-

sen to be 0.05. If the calculatedp < 0:05then the null hypothesis was rejected and the

population variances were considered non-equal. The Levene test was implemented

in Python using the Scipy.Statspackage [12].

T-Test

The T-Test is a test that evaluates the null hypothesis that two independent sample

groups come from populations that have the same mean value. In this scenario the

population variances are assumed to be equal, both groups of samples are evaluated

as being normal and the samples are unpaired. The test calculates the followingT

test statistic, see Equation 5.4 [3].

T =
�Y1 � �Y2

sp

q
1=N1 + 1=N2

(5.4)

Where N1 and N2 are sample sizes for each group,�Y1 and �Y2 are the means of the

sample groups.sp is a term that is used when the variances are assumed to be equal

and can be calculated as seen in Equation 5.5.
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s2
p =

(N1 � 1)s2
1 + ( N2 � 1)
s

2

2
N1 + N2 � 2 (5.5)

Here s2
1 and s2

2 refer to the sample variances for each group. The resultingT

statistic is evaluated against a critical value drawn from at distribution conforming

to t1� a=2;v , where a is the alpha value, in this case0:05. v refers to the degrees of

freedom and is equal toN1+ N2� 2. If the calculatedp < 0:05then the null hypothesis

was rejected and the product batches were considered to be signi�cantly signi�cant

at that production step. The T-Test was implemented in Python usingScipy.Stats

package [15].

Welch T-Test

The Welch T-Test is a variant of the above detailed T-Test that compares samples

from populations with unequal variances (as determined by the Levene Test run on the

product batch samples). Similarly to the T-Test the test evaluates the null hypothesis

that the two independent sample groups evaluated come from populations that have

the same mean value. The test calculates the followingT test statistic, see Equation

5.6 [3].

T =
�Y1 � �Y2q

s2
1=N1 + s2

2=N2

(5.6)

As before, the resultingT statistic is evaluated against a critical value drawn from

a t distribution conforming to t1� a=2;v , wherea is the alpha value, in this case0:05.

The v degrees of freedom in this instance is calculated according to Equation 5.7.

v =
(s2

1=N1 + s2
2=N2)2

(s2
1=N1)2=(N1 � 1) + ( s2

2=N2)2=(N2 � 1)
(5.7)

The above test statistic is compared to the critical value to calculate ap value.

If the calculated p < 0:05 then the null hypothesis was rejected and the product

batches were considered to be signi�cantly signi�cant at that production step. The

Welch T-Test was implemented in Python using Scipy.Stats package [15].
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Mann Whitney U Test

The Mann Whitney U Test was implemented when at least one of the sample groups

was considered non-normal but the variances were evaluated as equal between the

sample populations. This is a non-parametric test that is equivalent to the T-Tests

testing the population means but this tests evaluates whether the groups have the

same central tendency. The test is implemented according to the following steps [5]:

1. Assign a rank to the observations from both sample groups (n1 andn2) combined

in one set, ascending order. Any ties receive a rank that is the mean between

the two ranks.

2. Add the ranks from sample group 1 and assign toT1. Do the same to ranks

from sample group 2 and assign toT2.

3. Calculate theU test statistic for both sample groups:

� U1 = n1n2 + 0:5n1(n1 + 1) � T1

� U2 = n1n2 + 0:5n2(n2 + 1) � T2

4. Choose the smallerU test statistic from above and compare to a normalza=2

critical value, in this casea is an alpha of0:05.

The comparison of the test statistic and the critical value yields a calculatedp

value. If the calculatedp < 0:05then the null hypothesis was rejected and the product

batches were considered to be signi�cantly signi�cant at that production step. The

Mann Whitney U Test was implemented in Python using Scipy.Stats package [13].

The methods above were applied to each production step under investigation

which includes: DS1, DS2, DS3, DS4, VA1, VA2, VA3 and VA4. In this data VA4

represented two di�erent product types each with di�erent speci�cations for Attribute

A content, which would not allow for direct statistical comparison of batches across

product types. Accordingly, two separate groups were established for each VA4 prod-

uct type in order to carry out the statistical comparisons. These statistical tests

determined whether ancestor OOT defect batches were signi�cantly di�erent from
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ancestor normal batches at each stage listed above. The actual Attribute A values

were obfuscated to protect Sano� Pasteur proprietary information.

5.3 Valence Assembly Simulator Development

The results of the statistical analysis of Attribute A content levels, appeared to im-

plicate the Valence Assembly process steps as contributing to the incidence of OOT

defect batches. In order to determine the root contributing factors from Valence

Assembly a discrete event simulator was constructed to simulate the process. The

simulator created in-silico product batches which moved from DS1 through VA4 pro-

duction steps and replicated the batch mixing processes that a real batch would be

subject to. This was aligned with Sano� Pasteur's larger initiative around applying

data analytics to root cause analysis in order to avoid relying on the lengthy and

costly investigations and experiments involved with traditional root cause analysis.

5.3.1 Overall Design

In order to simulate the Valence Assembly process at the appropriate level of �delity

to replicate system behavior for analysis but also the appropriate level of abstraction

to limit the build complexity, the following main components of the system were

considered):

� Product Batches : The simulator created in-silico version of product batches

at each stage of Valence Assembly, each with the ability to store data about its

own characteristics and progress through the Valence Assembly simulation.

� Downstream Puri�cation : The simulator replicated the drops in Attribute

A level across the downstream puri�cation steps to allow in-silico batches to

enter the Valence Assembly process with realistic ranges of Attribute A levels.

� Valence Assembly Procedure : The simulator followed actual Sano� Pasteur

valence assembly procedures to mix or dilute in-silico batches in order to create

downstream in-silico batches based on their characteristics in order to attempt

to meet speci�cations.
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� Attribute A Tests : The simulator also replicated the performance charac-

teristics of the two types of Attribute A Tests (Analytical Test 1 and 2) that

are used in Valence Assembly as the output of those tests inform the mixing

procedures followed.

For an overview of the overall simulator design with the major components above

highlighted see Figure 5-2.

Figure 5-2: Valence Assembly Simulator Overview

5.3.2 Product Batch Object Design

In order to be able to dynamically create Batch objects as well as set and track the

characteristics of each one, the simulator was constructed following an Object Ori-

ented Programming paradigm where each Batch was an object with its own attributes

and methods. See Table 5.4 for a list of the attributes and methods that were coded

for each Product Batch object as well as a description of its functionality.

The attributes allow for characteristics of a batch product object to be set and

changed during simulation as well as accessed after simulation for review. These

are used to maintain information about a product batch's Attribute A level, tested

Attribute A, volume and Genealogy. The purpose of the methods is to allow other

simulator code objects to access the characteristics of a product batch object.
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Table 5.4: In-Silico Product Batch Object Overview

Product Batch Object
Code Element Description Purpose

Attributes Real Attribute A Content Maintains the actual underlying
Attribute A level

Test Attribute A Content Maintains the Attribute A Level
output by a test

Volume Maintains the volume of the
batch that is still available

Status Whether batch is conforming to
stage control limits

Ancestor List List of all Ancestor Batches up-
stream

Descendant List List of all Descendant Batches
downstream

Methods Set Test Value Allows Attribute A Test objects
to change Test Value

Add Descendant Adds Descendants to list when
batches created from this batch

Add Ancestor Adds Ancestors to list when cre-
ated to maintain batch genealogy

Modifying Volume Reduces batch volume available
when new batches are created
from the current one
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Table 5.5: All Probability Distributions Evaluated

List of Probability Distributions Evaluated
Beta

Exponential
Gamma

LogNormal
Normal

Pearson Type III
Triangular
Uniform

Weibull Minimum
Weibull Maximum

5.3.3 Downstream Puri�cation Batch Simulation

The simulator was required to create product batches that have a realistic range

of Attribute A content in order to replicate real system behavior. In the actual

production process Attribute A content begins high at DS1 and the batch level drops

between stages until VA1 stage. For the production campaign of interest, the following

data sets were obtained for each product batch:

� Attribute A Content at Production Stage DS1

� Attribute A Content Percentage Drop at the following stage transitions:

� DS1 to DS2

� DS2 to DS3

� DS3 to DS4

� DS4 to VA1

A variety of probability distributions (see Table 5.5) were �tted to the above

itemized data sets. The distributions were �tted using theScipy.Statspackage [16].

The goodness-of-�t for all of these was tested using the Kolmogorov-Smirnov test.

The Kolmogorov-Smirnov test calculates the following test statistic, see Equation 5.8

[2]
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Table 5.6: Attribute A Content at Production Stage DS1

Distributions Sorted by Goodness of Fit
Distribution P Value

Weibull Minimum 0.99996
Beta 0.99933

Gamma 0.99861
Pearson 3 0.99861
Triangular 0.98827

Table 5.7: Attribute A Content Percentage Drop between DS1 and DS2

Distributions Sorted by Goodness of Fit
Distribution P Value

LogNormal 0.99550
Pearson 3 0.99354

Gamma 0.99353
Beta 0.98252

Weibull Minimum 0.96508

D = max1� i � N (F (Yi ) �
i � 1

N
;

i
N

� F (Yi )) (5.8)

Where Yi is an ordered list of the datapoints andF is a theoretical cumulative

distribution function of the distribution under test. The value D is compared to a

critical value chosen from a data table based on an alpha (in this case 0.05). Thep

value for this test is also directional, so that a higherp value for a distribution means

that distribution has a better �t to the data. This test was performed in Python

using the Scipy.Statspackage [11]

The results of evaluating these di�erent data sets can be seen in Tables 5.6, 5.7,

5.8, 5.9 and 5.10 where the top �ve performing probability distributions are displayed

ordered byp value. Performance of the Probability Distributions varied across data

sets but the Pearson 3 distribution was chosen to be �t to all of the data sets given

its consistently high goodness-of-�t.

The Pearson 3 probability distribution was �t to the following real-life production
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Table 5.8: Attribute A Content Percentage Drop between DS2 and DS3

Distributions Sorted by Goodness of Fit
Distribution P Value

LogNormal 0.76447
Pearson 3 0.73549

Gamma 0.73546
Normal 0.37839

Triangular 0.01271

Table 5.9: Attribute A Content Percentage Drop between DS3 and DS4

Distributions Sorted by Goodness of Fit
Distribution P Value

Pearson 3 0.96391
Gamma 0.96389

Beta 0.96389
LogNormal 0.94447

Normal 0.76430

Table 5.10: Attribute A Content Percentage Drop between DS4 and VA1

Distributions Sorted by Goodness of Fit
Distribution P Value

LogNormal 0.99960
Pearson 3 0.99964

Gamma 0.99965
Normal 0.99966

Weibull Maximum 0.99775
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datasets: Attribute A Content at DS1, Attribute A Percentage Drop at Production

Stages DS2, DS3, DS4 and VA1, Batch volume at VA1. When an in-silico batch is

created these probabilities were drawn from to create a realistic, random Attribute A

value as well as subsequent drops in Attribute A content. This allowed for an in-silico

batch to arrive at the simulated VA1 stage with a practical "real" (inherent not the

result of a test) Attribute A content value. During the execution of the simulator, the

number of simulated batches to be created are speci�ed and these are then created and

move through the simulated Downstream Process to become in-silico VA1 batches to

continue through the simulated Valence Assembly process detailed in Section 5.3.5.

5.3.4 Attribute A Test Simulation

This simulator was also constructed to model the imperfect performance of the real-

life Attribute A tests. This is an important consideration as imperfect performance

characteristics can create discrepancies between the Attribute A content a test reports

and the real Attribute A content for a product batch. Since the batch mixing and

dilution procedures in Valence Assembly are dependent on the test reported Attribute

A content, this was an important phenomenon to model.

The simulator Attribute A tests modelled the two tests currently in use on the pro-

duction line under investigation, Analytical Tests 1 and 2 (detailed in Section 3.1.2).

Sano� Pasteur documentation on the validation tests conducted on these Attribute A

tests detailed the accuracy and precision of these tests at speci�c production stages.

Table 5.11 shows the accuracy for each test at each Valence Assembly stage. An

accuracy or percent recovery above 100% means the test has a tendency to overes-

timate the Attribute A content. The value N/A indicates that a test is not usually

performed at that stage in production so there is no validation documentation avail-

able. Table 5.12 shows the precision of test performance at each Valence Assembly

stage. Also, each test is performed for a certain number of determinations depending

on the production stage, see Table 5.13, if the determination result values are not

greater than a certain speci�ed distance from each other the test is considered valid.

The Attribute A test performed at each stage is dependent on the type of product
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Table 5.11: Attribute A Test Accuracy across Valence Assembly Stages

VA1 VA2 VA3 VA4
Test 1 0.93 1.07 1.07 N/A
Test 2 N/A 0.99 0.99 0.98

Table 5.12: Attribute A Test Precision across Valence Assembly Stages

VA1 VA2 VA3 VA4
Test 1 0.05 0.12 0.12 N/A
Test 2 N/A 0.08 0.08 0.06

that is being produced but the status quo Attribute A testing paradigm evaluated

with this simulator is described in greater detail in Section 5.4.1

These actual test performance characteristics were incorporated into the simulator

in the following way. In the simulator when an in-silico product batch is tested for

Attribute A content, the test result is based o� of the "real" Attribute A attribute

associated with the product batch. The simulator constructs a normal distribution

that is centered around the speci�c test type accuracy multiplied by the batch's real

Attribute A value. The standard deviation of this normal distribution is the precision

of the speci�c test type divided by 1:96. A sample is drawn from this distribution

to arrive at a test reported Attribute A value for the in-silico product batch and this

was then associated with the speci�c batch as an attribute. See Figure 5-3 for a

visual depiction of the test process. This setup allows the simulator to use real test

performance characteristics but also explore hypothetical ones.

Table 5.13: Attribute A Test Number of Determinations Run at Valence Assembly
Stages

VA1 VA2 VA3 VA4
Test 1 2x 2x 2x N/A
Test 2 N/A 2x 2x 1x
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Figure 5-3: Depiction of a simulated Attribute A Test based on Actual Test Perfor-
mance Characteristics

5.3.5 Valence Assembly Batch Mixing Procedure Simulation

The simulator was constructed so that it would apply the same production line Va-

lence Assembly batch mixing and batch dilution steps on the in-silico batches. The

simulator will make the use of the Attribute A Tested values in determining the quan-

tities of each batch used in mixing or diluting as in the actual production process. In

order to protect Sano� con�dential information, no speci�c quantities or procedures

will be discussed but they will be described in general terms. For a basic overview of

the valence assembly procedures at each stage transition point, refer to Figure 5-4.

Figure 5-4: Overview of Procedures at Transitions between Stages of Valence Assem-
bly process
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Transition from VA1 to VA2

In this simulation step a set number of VA1 batches are combined into one VA2 batch.

In order to create in-silico VA2 batches from the previously created VA1 batches the

simulator follows the next steps:

� All VA1 batches are tested with the Attribute A test speci�ed for that produc-

tion step, creating a test Attribute A value for the batch

� An arbitrary, set number (not speci�ed here) of subsequent VA1 batches are

chosen to be mixed together

� The test Attribute A value and volume of each VA1 batch are taken into account

when deciding what amount of extra volume to add to the new VA2 batch in

order to reach at a speci�cation Attribute A value

� In creating the VA2 batch, it is assigned the real Attribute A content based

on the real Attribute A content of the constituent VA1 batches, not the test

Attribute A content of the constituent batches.

This results in the creation of a VA2 batch with a potential discrepancy between its

real Attribute A concentration and the VA2 Attribute A concentration speci�cation.

This is repeated for all available VA1 batches until not enough remain to create

another VA2 batch.

Transition from VA2 to VA3

The simulation continues to adhere to the Sano� Pasteur standard operating proce-

dure (SOP), in this step around transitioning batches between VA2 to VA3. In this

transition a single VA2 batch is split and diluted into several VA3 batches. This is

carried out via the following steps performed in the simulator:

� All VA2 batches are tested with the Attribute A test speci�ed for that produc-

tion step
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� Based on the test Attribute A content of the VA2 batch and the speci�cations

around the volume and required Attribute A content of the new VA3 batches,

the required volume of VA2 batch per VA3 batch is calculated

� The required volume is repeatedly removed from the VA2 batch, creating a new

VA3 batch every time. As before, the real Attribute A content for each VA3

batch is based on the real Attribute A content of the VA2 batch (not the test

Attribute A content)

� The above step is repeated until insu�cient volume remains in the VA2 batch

to create another VA3 batch

The above steps are repeated until there are no more available VA2 batches. As before

this creates VA3 batches that are nominally adherent to the speci�cation according

to VA2 test Attribute A content, however there may be discrepancies between this

and the real Attribute A value.

Transition from VA3 to VA4

The Sano� Pasteur SOP on this transition involves a simple dilution from one VA3

batch to one or more VA4 batches. In the simulator this is carried out through the

following steps:

� All VA3 batches are tested with the Attribute A test speci�ed for that produc-

tion step

� Based on the test Attribute A content of the VA3 batch and the speci�cations

around volume and required Attribute A content of the new VA4 batches, the

required volume of VA3 batch per VA4 batch is calculated

� The required volume is repeatedly removed from the VA3 batch, creating a new

VA4 batch every time. As before the real Attribute A content for each VA4

batch is based on the real Attribute A content of the VA3 batch (not its test

Attribute A content)
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� The above step is repeated until insu�cient volume remains in the VA3 batch

to create another VA4 batch

The above steps are repeated until there are no more available VA3 batches. Then all

VA4 batches are tested using the Attribute A test speci�ed for the VA4 production

step to arrive at a test Attribute A content for each of these batches.

Code Structure

The overall simulator was organized according to the object oriented paradigm that

was detailed earlier for the product batch objects. Each Valence Assembly stage

(VA1, VA2, VA3, VA4) has its own Valence Assembly manager object with oversight

over the tests and batches at that stage. These objects can interact with prior Valence

Assembly manager objects to in order to access those ancestor batches in the creation

of its own batches. This also allows the genealogy for each batch to be maintained.

A general list of each Valence Assembly Stage object attributes and methods can be

seen in Table 5.14.

Additionally there is a Test Manager object that has oversight overall stages and

can be used to set the Attribute A Testing paradigm, the number of batches per

campaign to simulate and the number of campaigns to simulate. This object also

has the ability to report out data on the simulated campaigns and batches. This

con�guration allows for a Valence Assembly Process simulator that can not only

analyze and highlight characteristics of the current process but is also �exible and

dynamic enough simulate the e�ect of hypothetical process changes. See Figure 5-

5 for a general overview of the code structure for the Valence Assembly Simulator

objects.

5.4 Current Valence Assembly Process Simulation

The Valence Assembly Process Simulator was initially used to simulate the current

status quo process replicating the current testing paradigm and mixing procedures.

The �rst goal was to determine whether the defect incidence was an event that would

74



Table 5.14: Valence Assembly Stage Manager Object Overview

Product Batch Object
Code Element Description Purpose

Attributes Test Protocol Stores the Attribute A Test to use
at this stage

Control Limit Proto-
col

Stores the Attribute A Control
Limits to use at this stage

Batch List Maintains the entire list of
Batches created at this stage

Available Batch List Maintains list of batches available
for downstream batch production

Used Batch List Maintains list of batches already
used for downstream batch pro-
duction

Methods Create Batches Interacts with upstream Manager
object to access their available
Batches and create ones at cur-
rent stage

Test Batches Runs Attribute A tests on all cre-
ated batches at current stage and
stores test Attribute A content

Use Batch Releases an available batch for
downstream batch production

Show Batches Shows batches at this stage along
with information about batches

Figure 5-5: Overview of Valence Assembly Simulator Program Object Hierarchy
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Table 5.15: Status Quo Valence Assembly Testing Protocol

VA1 VA2 VA3 VA4
Test Type 1 1 1 2
Accuracy 0.93 1.07 1.07 0.98
Precision 0.05 0.12 0.12 0.06

Determinations 2x 2x 2x 1x

be replicated in-silico via simulation. If so, this would indicate that the defect is a

probabilistic outcome of the system as it is currently designed rather than an aberrant

event. The simulator parameters could then be examined and varied to isolate speci�c

process factors that contribute causes to the incidence of the observed defect.

5.4.1 Con�guration of the Simulation Model

In order for the Simulator to replicate the current Valence Assembly process the

simulator was con�gured to the current SOPs around assembly, testing and control

limits. Table 5.15 shows the testing paradigm implemented, replicating the status

quo testing paradigm. The simulator was con�gured to have 40 batches entering the

Downstream Process for every production campaign simulated.

5.4.2 Validation of the Simulation Model

Qualitative Visual Comparison of Simulator Output and Production Data

The Simulator was executed to simulate single campaigns multiple times. A nor-

malized Attribute A content batch genealogy visualization was developed for the

simulated batches created similar to what was developed for the actual production

data in Section 5.2.1. Any simulated VA4 batches that were found to have Attribute

A content that was lower than the control limit had their entire batch genealogy

colored red, as they were likely similar to the observed defect batches. This was per-

formed in creating the visualization of the actual production data in Section 5.2.1.

The visualization of the simulated batches was qualitatively compared to the visual-

ization of the actual batches, speci�cally the simulated output was examined for the
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same incidence of the OOT defect batches with low Attribute A content at the VA4

stage as well as the "�ip-�opping" behavior of batch genealogies with low Attribute

A content at VA3 and high Attribute A content at VA2. Any similarities between

the two process outputs was noted.

Comparison of Mean Attribute A Values between Simulator Outputs and
Production Data

In order to ensure that the output of the simulator for all simulated batches was

comparable to the real batches in the production data, the Attribute A content for

all batches (defect and normal) between the two was compared at every production

stage. The desired maximum allowable di�erence between the simulated and real

mean batch Attribute A content was � 10%.

The Simulator was executed to simulate 1000 campaigns each starting with 40 VA1

product batches. The mean Attribute A content for all batches within a production

stage was determined and the percent di�erence between that and the Attribute A

mean for the corresponding stage in the production data was compared. This was

repeated for every production stage across every simulated production campaign. The

percent di�erence was compared to both a� 10% and a� 5% cuto�, and the number

of campaigns that were able to meet the cuto� were tallied for each production stage

to determine the percentage that met the cuto�. Finally the mean percent di�erence

for each production stage across all campaigns was calculated.

Statistical Comparison of Defect and Normal Batches in Simulator Output
and Production Data

The Simulator was again executed to simulate a single campaign multiple times. One

of the campaigns that visually appeared to demonstrate the same defect behavior was

chosen for statistical analysis. The simulated batches from the di�erent production

stages were then subjected to the same statistical analysis performed on the actual

production batch data detailed in Section 5.2.2. This resulted in a similar statistical

output as well as a graphing of histograms for each simulated production stage. These

outputs were then compared to the equivalent outputs for the statistical analysis of
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the actual production data.

5.4.3 Analysis of Simulated OOT Defect Batch Root Cause
and Incidence Rate

Once the simulator was validated as being able to replicate the data and behavior

seen in the production data, including the speci�c OOT defect batches, the simula-

tor was used to analyze which process features could be considered Root Causes or

contributing factors to the OOT defect batches. The simulator was also used to de-

termine the expected incidence rate for the given OOT defect batches across multiple

production campaigns.

Analysis of OOT Defect within a single Simulated Production Campaign

The simulator was run for 200 campaigns, each composed of 40 in-silico batches at

the VA1 stage. Within these 200 campaigns, one that exhibited the speci�c OOT

batch defect was chosen for in-depth analysis. The speci�c OOT batch defects were

de�ned as batch genealogies where the VA4 Attribute content was below the control

limit, but where ancestor batches upstream were within control limits. These batch

genealogies were colored red for visualization purposes.

In order to examine the underlying factors further, the visualizations were then

enhanced to include both the test Attribute Content and real Attribute Content for

the OOT defect batch genealogy to investigate discrepancies between the two. The red

nodes represented the test Attribute A content values and the blue nodes represented

the corresponding real Attribute A content values.

A normal VA2 batch that had a similar Attribute A content to the OOT Defect

Ancestor Batches at VA2 was then chosen to also display the test and real Attribute A

value discrepancy. This was applied across the batch's entire genealogy. Purple nodes

represented test Attribute A values and green nodes represented the corresponding

real Attribute A content values. Then the discrepancies were quanti�ed for all VA2

nodes and were displayed in a bar graph.
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Analysis of OOT Defect Incidence over Several Campaigns

The simulator was then con�gured to run for 1000 campaigns, each composed of 40

in-silico batches at the VA1 stage. For each of these campaigns, the number of OOT

defect batches were recorded. OOT defect batches were de�ned as VA4 batches that

were below Attribute A content control limits and whose ancestor batches were within

control limits. The following metrics were measured:

� Percentage of Overall Campaigns that have one or more OOT defect batches

� Mean OOT batches for Campaigns with defect incidence

� Maximum OOT batches in a Campaign

Simulator System Behavior Analysis

Earlier analysis of one simulated campaign appeared to implicate a speci�c test and

its characteristics as a potential origin for the observed defect. In order to more fully

understand the impact of the test parameters on the process, this study analyzed the

behavior of the simulated system as a whole over a range of simulated Attribute A

test performance characteristics. This was done by perturbing the Accuracy (Per-

cent Recovery) or the Precision of the simulated test by one value over the range of

o�sets seen in Table 5.16, where 0 refers to no o�set or the status quo value. Each

combination of these o�set values was applied to the test parameters at a single pro-

duction stage while the rest of the simulated Attribute A testing protocol adhered to

the actual production process parameters. Each speci�c con�guration was applied in

the simulation of 100 campaigns, each with 40 initial batches. Defect batches from

all of the campaigns were totaled, where defect batches were de�ned as any batch at

any stage outside of the control limits. This would include defects that were di�er-

ent from the observed defect under investigation but this was included to accurately

determine testing protocols that might create new defects. The above detailed pro-

cess was performed for each speci�c production stage (VA1 through VA4). For each

production stage a 3-D surface plot was created with Accuracy and Precision o�sets

plotted on the X and Y axis, with Defect Numbers plotted on the Z axis. These plots
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Table 5.16: Range of O�set Values applied to Simulator Attribute A Test parameters

O�set Values
Accuracy -0.05 -0.04 -0.03 -0.02 -0.01 0 0.01 0.02 0.03 0.04 0.05
Precision -0.02 -0.016 -0.012 -0.008 -0.004 0 0.004 0.008 0.012 0.016 0.02

were compared against each other to determine which production stage test posed

a critical vulnerability to the process or alternatively a compelling opportunity for

intervention in addressing the observed defect. For more in-depth analysis on one

performance characteristics, the number of defects was plotted as a function of that

performance characteristic in a 2-D plot.

5.5 Corrective Process Change Simulation and Eval-
uation

Upon the identi�cation of Attribute A overestimation at VA2 as a likely defect root

cause, this study then utilized the developed simulator to evaluate the e�cacy of

two potential corrective process changes aimed at this root cause. The �rst case

study involves replacing the Attribute A test at VA2, the second case study involves

changing the test process to decrease variability.

5.5.1 Case Study 1: Performing Analytical Test 2 at Stage
VA2

This corrective process change entails replacing the Attribute A test at the VA2 pro-

duction stage. In this scenario, Analytical Test 1, which is currently used at VA2,

would be replaced by Analytical Test 2 at VA2. This takes advantage of the estab-

lished superiority of the accuracy and precision of Analytical Test 2 over Analytical

Test 1.
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Table 5.17: Case Study 1 Valence Assembly Testing Protocol

VA1 VA2 VA3 VA4
Test Type 1 2 1 2
Accuracy 0.93 0.99 1.07 0.98
Precision 0.05 0.08 0.12 0.06

Determinations 2x 2x 2x 1x

Con�guration of Simulation Model

The Simulator was con�gured to adhere with the Sano� Pasteur SOPs around Valence

Assembly including Control Limits, Assembly procedures and Testing Protocol aside

from the Attribute A test used at stage VA2. See Table 5.17 for the testing protocol,

changes are bolded. The simulator was con�gured to have 40 batches entering the

Downstream Process for every production campaign simulated.

Analysis of Case Study 1 Process Change E�ect within a single Simulated
Production Campaign

The simulator was run for 200 campaigns, each composed of 40 in-silico batches at

the VA1 stage. These 200 campaigns were evaluated to �nd ones demonstrating the

speci�c OOT batch defect, however �nding none an arbitrary campaign was chosen.

This campaign was visualized via the normalized Attribute A batch genealogy and

this was compared to the visualization from the status quo Valence Assembly process

simulation.

In order to compare the test and real Attribute A content discrepancies for this

testing protocol, the real Attribute A content was graphed for the lowest �ve VA4

batches as there were not OOT defect batches. The red nodes represented the test

Attribute A content values and the blue nodes represented the corresponding real At-

tribute A content values. This visualization was then compared to the corresponding

one from the status quo Valence Assembly process simulation.
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Analysis of Case Study 1 Process Change E�ect over Several Campaigns

The simulator was then con�gured to run for 1000 campaigns, each composed of 40 in-

silico batches at the VA1 stage. This was performed for both the status quo testing

protocol and the Case Study 1 testing protocol. For each of these campaigns, the

number of OOT defect batches were recorded. OOT defect batches were de�ned as

VA4 batches that were below Attribute A content control limits and whose ancestor

batches were within control limits. The following metrics were measured for both

scenarios:

� Percentage of Overall Campaigns that have one or more OOT defect batches

� Mean OOT batches for Campaigns with defect incidence

� Maximum OOT batches in a Campaign

5.5.2 Case Study 2: Performing more Analytical Test 1 deter-
minations at Stage VA2

The corrective process change in Case Study 2 entails maintaining the same general

Testing protocol used in the status quo production, however it increases the number

of determinations performed by Analytical Test 1 in the VA2 stage. In this scenario,

instead of the standard 2 determinations, 4 determinations would be performed and

the average is the resulting test Attribute A content value.

Con�guration of Simulation Model

The Simulator was con�gured to adhere with the Sano� Pasteur SOPs around Valence

Assembly including Control Limits, Assembly procedures and Testing Protocol aside

from changing the number of test determinations performed at stage VA2. See Table

5.18 for the testing protocol, changes are bolded. The simulator was con�gured to

have 40 batches entering the Downstream Process for every production campaign

simulated.
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Table 5.18: Case Study 2 Valence Assembly Testing Protocol

VA1 VA2 VA3 VA4
Test Type 1 1 1 2
Accuracy 0.93 1.07 1.07 0.98
Precision 0.05 0.12 0.12 0.06

Determinations 2x 4x 2x 1x

Analysis of Case Study 2 Process Change E�ect within a single Simulated
Production Campaign

The simulator was run with the Case Study 2 Testing Protocol for 200 campaigns,

each composed of 40 in-silico batches at the VA1 stage. These 200 campaigns were

evaluated to �nd ones demonstrating the speci�c OOT batch defect. An arbitrary

campaign presenting the speci�c OOT defect was chosen for analysis. This campaign

was visualized via the normalized Attribute A batch genealogy and this was compared

to the visualization from the status quo Valence Assembly process simulation.

Then the test and real Attribute A content discrepancies for the defect batches

were compared between the two testing protocols. The red nodes represented the

test Attribute A content values and the blue nodes represented the corresponding

real Attribute A content values in both visualizations.

Analysis of Case Study 2 Process Change E�ect over Several Campaigns

The simulator was then con�gured to run for 1000 campaigns, each composed of 40 in-

silico batches at the VA1 stage. This was performed for both the status quo testing

protocol and the Case Study 2 testing protocol. For each of these campaigns, the

number of OOT defect batches were recorded. OOT defect batches were de�ned as

VA4 batches that were below Attribute A content control limits and whose ancestor

batches were within control limits. The following metrics were measured for both

scenarios:

� Percentage of Overall Campaigns that have one or more OOT defect batches

� Mean OOT batches for Campaigns with defect incidence
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� Maximum OOT batches in a Campaign
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Chapter 6

Results and Discussion

This chapter presents the empirical results from analyzing the historical production

data as well as the �ndings from the Valence Assembly process simulator that was

developed. First the exploration of the historical production data is presented which

involves both the visualization of the Batch Genealogy through upstream production

stages as well as statistical comparisons between normal and defect product batch

ancestors at multiple production stages. Next, the results of validating the Valence

Assembly process simulator outputs against historical production data is presented.

This chapter also presents the analysis performed on the output of the simulator

modelling the status quo system characteristics, which demonstrates the likely root

cause of the observed defect as well as the likely incidence rate of the observed defect

for future campaigns. Finally, the same model is used to evaluate two case studies

of proposed corrective process changes for e�cacy in mitigating the incidence of the

observed OOT defect product batches.

6.1 Tracking Batch Characteristics across Produc-
tion Stages

This section details the result from two methods of tracking product batch character-

istics across production stages. The �rst is a more qualitative visualization that allows

for an overview of defect batch genealogy in terms relative normalized Attribute A

content. The second is a quantitative statistical comparison between normal and de-

fect ancestor batches at all Downstream Process and Valence Assembly production
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stages.

6.1.1 Batch Genealogy Visualization

Following the approach to data visualization as detailed in Section 5.2.1 the following

two �gures were developed: Figures 6-1 and 6-2. These �gures allowed for an initial

holistic view into the problem under investigation as well as an early view into patterns

and trends seen in the Attribute A content of both defect and normal product batches

over production stages.

Visualization of Batch Genealogy Timing over Production Stages

The �rst visualization provides an overview of the Genealogy between Product Batches

over Valence Assembly stages and over time, see Figure 6-1. This visualization de-

picts the overall scope and complexity inherent in the process as well as any resulting

defect investigation into the process. The defect batches (depicted by the red circles)

were only determined to be OOT at the VA4 stage. The time between VA4 and VA1

for the OOT defect batches is approximately 1.5 years, and the time between stages

can last between the time order of months or years as seen by the timescale on the y

axis. This results in uncertainty around at which point of the production process the

defect presented itself, especially as earlier ancestor defect batches were within trend

and speci�cation for this defect.

This �rst visualization also e�ectively depicts the complexity around the batch

genealogy as batches are combined as well as split apart between production stages.

Multiple VA1 batches are combined to create a VA2 batch which in turn is split

into several VA3 batches. This branching genealogy adds additional complexity in

determining an overall root cause or determining the contribution of a speci�c batch

or process step to a defect that was only determined at the �nal production step.

However, this also presents a compelling incentive to identify batches that will create

downstream defect events as early as possible, as intervening on one upstream batch

can prevent the incidence multiple downstream OOT defect batches.
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