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Figure 6. Normalized histograms of constraint violations for the (a) nominal, (b) robust, (c) p-box
robust (plausibility function), and (d) p-box robust (belief function) process designs.

The probability that the violation number 10 is the highest for the nominal design; see Figure 6a.
As indicated in Figure 6b, the conventional robust process design has a certain effect of, but results in
a considerable number of constraint violation, due to the neglected batch-to-batch variation. For the
p-box robust design (plausibility function, = 2.32) in Figure 6¢, the number of constraint violations
fulfills the given specification for almost all sample realizations. Only a small number of samples do
not fulfill the given specification of the violation number, which can be attributed to the approximation
errors of the PEM used for the inner and outer loops of uncertainty propagation (Figure 2). The effect
of the batch-to-batch variation becomes also obvious for the alternative p-box design (belief function,
= 2.32) in Figure 6d. The likelihood of a constraint violation increases drastically when compared
with the previous p-box design (plausibility function, = 2.32), and has a performance similar to that
of the nominal design. To summarize, the probability that the violation number is larger than 10 is
equal to 98.6%, 78.9%, 2%, and 96.8% for the nominal, conventional robust, p-box (plausibility function),
and p-box (belief functions) designs, respectively. As can be observed, the proposed p-box (plausibility
function) approach can handle the imprecise parameter uncertainties and provide a process design
which is robust enough for not only an individual batch but also for batch-to-batch variations.

5. Conclusions

In this work, we introduced a p-box robust process design to compensate for batch-to-batch
variation and imprecise parameter uncertainties, which were expressed as parametric p-boxes.
The notation of the robust inequality constraint was adapted according to the parametric p-boxes,
and further approximated with statistical moments that were calculated efficiently. Moreover,
combining the point estimate method with a back-off strategy for robust design implementation
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has been proven to be beneficial in terms of the computational costs for the p-box robust process design
concept. The efficiency of the proposed strategy was successfully demonstrated with a freeze-drying
process, as a highly relevant pharmaceutical manufacturing process. The results of the p-box robust
process design were compared with the results from the nominal and conventional robust designs.
The proposed strategy performed quite well, and could ensure the robustness of the inequality
constraint, even in the presence of batch-to-batch variation and imprecise parameter uncertainties,
respectively. For the p-box design, the two scenarios of plausibility and belief function illustrated
the considerable impact of batch-to-batch variation on the optimal process design results. Thus,
future work will focus on rigorous sensitivity studies of robust process designs for pharmaceutical
processes that have imprecise parameter uncertainties, and systematic analysis of the effect of epistemic
and aleatory uncertainties. Moreover, the proposed approach could also be incorporated into advanced
control strategies, e.g., model predictive control, to guarantee the robustness of process constraints in
the presence of imprecise parameter uncertainties, which is also an interesting aspect for novel Quality
by Control concepts.
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Abstract: In biopharmaceutical manufacturing, a new single-use technology using disposable
equipment is available for reducing the work of change-over operations compared to conventional
multi-use technology that use stainless steel equipment. The choice of equipment technologies has
been researched and evaluation models have been developed, however, software that can extend model
exposure to reach industrial users is yet to be developed. In this work, we develop and demonstrate
a prototype of an online decision-support tool for the multi-objective evaluation of equipment
technologies in sterile filling of biopharmaceutical manufacturing processes. Multi-objective
evaluation models of equipment technologies and equipment technology alternative generation
algorithms are implemented in the tool to support users in choosing their preferred technology
according to their input of specific production scenarios. The use of the tool for analysis and
decision-support was demonstrated using four production scenarios in drug product manufacturing.
The online feature of the tool allows users easy access within academic and industrial settings to
explore different production scenarios especially at early design phases. The tool allows users
to investigate the certainty of the decision by providing a sensitivity analysis function. Further
enrichment of the functionalities and enhancement of the user interface could be implemented in
future developments.

Keywords: process design; single-use technology; parenteral manufacturing; MATLAB Production
Server; software development; multi-objective decision-making

1. Introduction

Biopharmaceuticals represent a growing fraction of pharmaceutical production and can be used for
the treatment of many diseases such as cancer, rheumatism, or nephrogenic anemia. Biopharmaceutical
production processes consist of drug substance and drug product manufacturing. Drug substance (DS)
manufacturing involves the production of the active pharmaceutical ingredient (API) through upstream
cell cultivation and purification processes. On the other hand, drug product (DP) manufacturing
involves compounding of the API to the final concentration and sterile filling into vials or syringes.

The equipment used in drug manufacturing processes must satisfy certain quality requirements
of cleanliness and sterility to be ready for production [1]. New trends of shifting to small-scale and
multiple-product production have increased work of change-over operations that are conducted to
maintain equipment readiness for production between different batches or products. To realize
flexible and efficient production, new technologies, e.g., continuous technology or single-use
technology (SUT) are applied [2,3], which have increased the number of possible process alternatives.
Continuous technology is actively investigated both in small molecule drug manufacturing [4]
and biopharmaceutical manufacturing [5] through modeling [6] and experimental approaches [7].
SUT, another newly applied technology, uses disposable resin-made equipment requiring less time
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for change-over operations and cleaning validation. SUT can replace the conventional multi-use
technology (MUT) featuring reusable stainless steel equipment, which requires cleaning and sterilization
for change-over.

The choice between process alternatives involving SUT and MUT equipment is multifaceted.
The two technologies feature different characteristics in terms of investment, operational risks, and
quality challenges. SUT requires lower initial investment but higher running costs to replace the
disposable equipment, whereas MUT requires higher initial investment to install the equipment but
lower running costs. Maintaining a constant inventory of the sterile manufacturing equipment is an
important scheduling decision, which is required to avoid the supply risks of SUT equipment and
production interruptions. Various environmental concerns emerge depending on the chosen equipment
technology, e.g., emissions form production and disposal of the resin-made equipment versus the utility
consumption associated with the cleaning and sterilization processes required for the stainless-steel
equipment. In addition, different quality issues arise with each technology, such as chemical compounds
leaching from resin material into the drug solution for SUT, and cross-contamination due to failures
in the cleaning procedure for MUT. Therefore, the optimal implementation of available technologies
requires multi-criteria decision-making. Previous studies have evaluated these technology options
using a single evaluation indicator, with a focus on DS manufacturing, such as with economic or
environmental evaluations [8-11]. The authors have also presented a framework for the multi-objective
evaluation of equipment choice in sterile filling applications of DP manufacturing [12,13]. Another
layer of complexity in the decision-making process is the consideration of hybrid equipment technology
alternatives combining both resin-made and stainless-steel-made equipment in the same process.
One hybrid technology option was considered in a previous work that applies stainless-steel-made
fermentation tank and other resin-made equipment [14]. Ha.S., S.B., and Hi.S., part of the authors of
this paper, have also previously developed algorithms for the systematic generation of alternatives
and technology choice between SUT, MUT, and hundreds of hybrid alternatives [15]. However,
to navigate the complex decision-making process, tools are needed to facilitate the generation of
various alternatives, the multi-layered comprehensive assessment of the generated alternatives, and
the analysis and visualization of the results.

The evolution of decision-support and process design tools has revolutionized the bulk chemical
industry. The use of such tools, e.g., Aspen Plus and HYSYS [16,17], for process static and dynamic
simulation has allowed the investigation and analysis of complex processes at different design
stages. Specific features of the pharmaceutical industry have limited expanding the use of the same
tools. Pharmaceutical production is often carried out in relatively small-scale batches and involves
more complex chemical and biological interactions where data can sometimes be unavailable. In
addition, another difference in pharmaceutical production is the change-over operations required
to ensure equipment readiness. In recent years, the maturing understanding of the processes in
the biopharmaceutical sector has led to the development of more appropriate design tools for the
pharmaceutical industry. The Aspen Batch Process Developer is a recipe-driven process simulator used
for the modeling and design of batch processes that enable economic and environmental evaluation [18].
SIMBIOPHARMA is a prototype tool developed for the assessment of equipment technology options
and production strategies with focus on DS manufacturing [19]. Other commercial tools are also
available such as BioSolve [20] and Hakobio [21]. BioSolve is a stand-alone cost evaluation tool,
while Hakobio is an online tool for plant layout design and estimated area calculation especially with
disposable equipment with a limited analysis function inside the process. On the other hand, DP
manufacturing has not been fully addressed by such tools, due to the different nature of the processes
involved. DP processes combine physical and chemical processes at compounding and filtration with
other mechanical assembly line processes, like processes at the sterile filling stage. A decision support
and process design tool is still required in this field.

Our current work presents a decision-support tool for DP manufacturing processes of
biopharmaceuticals, considering the choice of SUT, MUT, and hybrid alternatives as equipment
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materials to be the key decision. The tool provides a comprehensive multi-objective evaluation of several
critical aspects including economic, environmental, quality, and supply robustness considerations. The
tool “TECHoice” (/tekt f o1s/), is derived from the combination of “technology” and “choice”. Several
versions of the tool currently exist. A full offline version in MATLAB is developed for use in a local
environment. A free access prototype online version applying Hypertext Transfer Protocol (HTTP),
which is the focus of this work, is also available. The online feature of this version allows a wider
reach for the tool and its underlying models within the academic and industrial communities. A
built-in database is included in this version, offering default parameters and properties to aid efforts
especially in earlier process development and design stages. A licensed, extended online version of the
tool is also currently under development to implement the full range of features and functionalities
of the current offline version. The online tool can be accessed from this Uniform Resource Locator
(URL): http://www.pse.t.u-tokyo.ac.jp/TECHoice/ (tested with Google Chrome Version 75.0.3770.100).
Our current study focuses on presenting the online prototype version of the tool, describing: the
background setup, the range of input functions, visualization of the output, and its role in the analysis
of the results. The development of the tool allows potential industrial users access to the models and
algorithms developed in an academic field.

2. Overview of the Tool “TECHoice”

2.1. Process and Equipment Technology Description

The manufacturing process for which the tool is developed is the sterile filling process of
biopharmaceutical drug product manufacturing. Figure 1 shows a flow of typical biopharmaceutical
drug product manufacturing processes with sterile filling. The configurations of full SUT, full MUT,
and HYB—a common hybrid plant—are also shown in Figure 1 [15]. Sterile filling processes typically
involve nine unit operations: retention, two-time-filtration, buffering, filling, and four-time transfer
between unit operations. A piece of equipment is allocated to each unit operation with the exception of
the filtration unit operations where two pieces of equipment, a filter housing and a filter membrane, are
assigned to one operation. Therefore, eleven pieces of equipment are used in sterile filling processes.
The two filter membranes and the set of filling tubes can only be resin-made, thus leaving eight pieces
of equipment having two options for equipment material (resin or stainless steel). This yields a total of
256 process alternatives: SUT, MUT with stainless steel equipment wherever possible, and 254 available
hybrid alternatives.

SUT, MUT, and hybrid technologies have different characteristics in terms of various aspects, as
shown in Table 1. SUT requires shorter time for a change-over operation, which involves assembling
and dismantling disposable equipment, but requires a larger number of operators as the operation is
manually conducted. MUT, on the other hand, requires a longer time for cleaning and sterilization of
the fixed stainless steel facility, i.e., clean-in-place (CIP) and sterilize-in-place (SIP) processes, using
media such as water for injection and pure steam. As the operation is automated, the required number
of operators is less than those required for SUT. The equipment installed for MUT requires larger
investment cost and larger manufacturing area compared to SUT, which uses disposable and flexible
resin-made equipment. In SUT, leachables—chemical compounds released from the resin—are a typical
concern, while residue caused by cross-contamination from previous drug production, is a typical
concern of MUT. Different reasons can cause manufacturing delays in SUT and MUT, affecting supply
robustness. For example, delay in transportation of disposables from vendors to pharmaceutical
manufacturing companies is a concern in the case of SUT, and equipment failure requiring extensive
maintenance is a concern for MUT.
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Figure 1. (a) Flowsheet of a typical biopharmaceutical drug product manufacturing process [15], and
configuration of plants using (b) single-use technology (SUT) [15], (c) multi-use technology (MUT) [15],
and (d) a common industrial hybrid technology option (HYB).

Table 1. Characteristics of the three equipment technologies.

Technology Single-use (SUT) Hybrid Multi-use (MUT)
Required time for Short Long Long
change-over
Investment cost Small Small/Large ! Large
Number of operators Large Intermediate Small
Manufacturing area Small Intermediate Large
Usage of media N/A Small/Large ! Large
Quality issues Leachables Both Residue/Cross-contamination
Supply robustness issues Vendor dependency Both Equipment failure

1 Depending on the material choice of the mixing tank.

2.2. Need for the Tool

An intensive discussion with experts from the ISPE (International Society of Pharmaceutical
Engineering) Japan community of practice “PharmaPSE COP” identified the appropriate application
phase, data needs, and the impediments to exposure within the community. The discussions confirmed

the existence of a gap in the available tools to support decision-making in DP manufacturing, but

especially highlighted the need in earlier design stages.

This tool thus aims to support the equipment technology choice, which is an important decision
that affects the initial investment and manufacturing area design for pharmaceutical manufacturing
companies. At such early process development phases, data are usually scarcer, and therefore, this
tool offers default design options for users to best explore the possible design landscape. The tool
can be used by industrial or academic research groups dedicated to investment decisions as a first
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indication at early decision phases. Figure 2 shows the different pharmaceutical production stages and
the intended use phase for this tool.

. Process . )
>Drug dlscover)> development>> Clinical trial >
Decide Decide basic Optimize Industrialize
|ngred|ent process process process

“TECHoice”

Figure 2. Intended use phase of the tool “TECHoice”.

Another important need addressed by the tool is its convenience and accessibility due to its online
feature. Several versions of the tool exist, offering different functionalities for various users. The
complete version of the tool is currently written in MATLAB R2018b (The MathWorks, Inc., Natick,
MA, United States). Several formats for algorithm delivery were reviewed and evaluated, such as
directly using the MATLAB (.m) files or compiling them into executables (.exe) using the AppDesigner
supplied by Mathworks. However, such formats may be inconvenient for industrial users since
proprietary software, such as MATLAB, is sometimes unavailable or with a restricted number of
licenses. Furthermore, the installation of software and contents from outside the company is normally
prohibited for data security reasons. Therefore, a version of the tool was then implemented as an online
web application, allowing easy access from anywhere without the need for periodical updates by users.

2.3. Key Features

Currently, two versions of the equipment technology choice decision-support tools are available:
a full offline version in MATLAB and a free access prototype online version. A licensed extended
online version is currently under development. The prototype online version is the focus of this work.

The online prototype version of the tool applies HTTP, which enables data communication between
users and servers. User interactions on a web browser are sent as requests to a web server as shown in
Figure 3. If any calculations are needed, the webserver sends a request to another calculation server,
the web server receives the calculation results as a response, and the results are displayed on the user’s
web browser. An Apache® HTTP Server Version 2.4 (The Apache Software Foundation, Forest Hill,
MD, United States) is used as the web server, and a MATLAB Production Server™ (MPS) [22] is used
as the calculation server installed on a Windows Server 2016 operating system.

/Web server \
(Apache HTTP Server) ——
d

Page A
.js §-html
Page B Server Web page  User
Configuration files Js §.html : : .
> 717 Page A
LN L]

\@ﬁ’ = A

. )
d Compiled MATLAB algorithms
(.m files)
-

Calculation server
\(MATLAB Production Server) /

Response

Figure 3. Structure of the online tool applying Hypertext Transfer Protocol (HTTP).
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Source codes are written in TypeScript (TS), JavaScript (JS), and HyperText Markup Language
(HTML) for the user interface of data input and output visualization. These codes are developed and
compiled to be built on the web server. MATLAB codes have been developed based on the in-house
algorithms for the offline version of the tool and compiled to be built on MPS.

2.4. Built-in Database

Generally, each user must input values for parameters in their tested cases. However, if the data
is not available or the user is using the tool for exploration of alternatives rather than for a specific case,
the tool then offers default values that can be used from a built-in database. The availability of default
values for key model parameters is an especially useful feature for academic users who do not have
access to industrial data. Data have been collected from various sources and online databases to serve
as default values for model parameters. Table 2 shows the categories of database parameters with some
examples and their sources. More details regarding the values used and their sources can be found in
our previous work [13]. With respect to the data collected from industrial experts, average values of
the data range provided by the experts have been used in this tool as default parameters, which can
be freely used by anyone. Influential default parameters from the database, if selected by users, are
displayed on the “evaluation target” page in the tool for confirmation by the users or target audience.

Table 2. Database parameters and their sources.

Category Example Sources

Physical properties of the drug
product solution

Online databases, e.g.,

Molar weight, viscosity o ghider [23], PubChem [24]

Flowsheet Number and order of unit

operations
Equipment configuration Stand.ard indqstrial Interviews with industrial experts,
equipment sizes e.g., pharmaceutical
Operating conditions Standard change-over times, manufacturing companies,
P & number of operators equipment suppliers

Prices of standard

Price inf i . o
rice information equipment and utilities

Life cycle assessment (LCA)
Resin incineration and databases, e.g., JLCA-LCA
utility consumption database [25], LCI
Database IDEA [26,27]

Emission data

Saturation concentration, Online databases, e.g.,

Properties of leachables permitted daily exposure ChemSpider [23], PubChem [24]

In the online prototype version of the tool, parameters listed in Table 2 are fixed to the default
values without the possibility of any user-induced changes. This option will only be available in the
full licensed version. Currently, users only specify the production scenario, e.g., project lifetime, annual
production volume (per plant), production mode, and number of products per year, in addition to the
filling volume of the containers, e.g., vials.

2.5. Algorithms and Models

The algorithms and models implemented in the tool are based on a framework developed for
generating and evaluating alternatives for sterile filling processes of drug product manufacturing [15].
The framework is composed of four decision layers as shown in Figure 4: product, flowsheet, equipment,
and operating conditions. Each of the layers has some parameters with discrete options or a range of
values. The order of the layers from “product” to “operating conditions” follows the decision order,
i.e., the parameters in the “product” layer are determined earlier than those in the “flowsheet” layer.
When all of the options and values of the parameters are specified, one process alternative is defined.
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Design layer Examples

Product | Scale and lifetime

Flowsheet Number of filtration units

Equipment [ Configurations, sizes, and materials

Operating conditions | Change-over times, number of operators

Figure 4. Decision layers within the framework for alternative generation in DP (drug product)
manufacturing.

In this work, parameters, such as filling volume, lifetime, production volume, and number of
products, belong to the “product” layer. Once the user specifies these parameters in the prototype
version of the tool, the options or values of parameters on the “flowsheet” layer are fixed to the default
setting from the database. On the “equipment” layer, equipment configuration and sizes are fixed
to the default values. The full offline version of the tool varies the equipment material for each of
the unit operations in the process yielding a maximum of 256 alternatives. The prototype online
tool only displays results for the SUT, MUT, and most common industrial hybrid alternative (HYB),
shown in Figure 1d, which has a stainless steel mixing tank and resin-made equipment everywhere
else. On the “operating conditions” layer, users can define the production mode as either campaign
or alternating. Campaign production implies producing the same product in back-to-back batches,
whereas alternating production implies producing a different product with each batch. Operating
parameters, such as batch sizes and filling time, are calculated based on the data chosen in the previous
decision layers.

The generated alternatives are evaluated on the basis of four indicators. The economic aspect
Eco [JPY] uses net present value, and the environmental aspect Env [kg-CO,] uses life cycle CO,
emissions, as indicators. The product quality indicator PQ [-] evaluates the impact of patient exposure
to leachables and the potential risk of patient exposure to residues. The supply robustness indicator
SR [-] describes the risk of production delays. For detailed model assumptions and equations, see our
previous work [13,15]. Ultimately, the evaluated results with four indicators are aggregated to one
indicator, total score T [], given by:

T= Weconomy Eco/Eco” + Wenyironment Env/Env’ + Wsupply SR/SR’ + Wquality PQ @

where different weighting factors: Weconomy, Wenvironment Wsupply, and Wquality, are used for economic
impact, environmental impact, supply robustness, and product quality, respectively. Here, Eco’, Env’,
and SR’ are the maximum values of economic impact, environmental impact, and supply robustness
among evaluated 256 alternatives, respectively. PQ is an aggregated value of two different product
quality impacts that are leachables Lea [-] and residue Res [-] given by:

PQ = Wieachables Lea/Lea’ + Wresidue Res/Res’ )
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where Wieachables aNd Wresidue are the weighting factors of leachables and residue, respectively. The
parameters Lea’ and Res’ are the maximum values of leachables and residue impacts among evaluated
256 alternatives, respectively.

2.6. Tool Architecture and Key Input Parameters

The prototype tool evaluates SUT, MUT, and HYB using multi-objective indicators. Figure 5
shows the architecture of the tool “TECHoice” which comprises four web pages.

1.  “Start page” as a front page to show an explanation of the tool and the data management policy;
“Data input” as a data entry form of, e.g., product specifications and production scenario;

3. “Evaluation target” as a value confirmation page of physical properties of the drug product
solution, the choice of flowsheet, operating conditions, equipment configuration, sizes,
and material;

4. “Evaluation results” as a page showing the overall results, category results breakdown, and
sensitivity analysis.

Server P Web page I:I User @ = Request
——)> Response
A
r \
Calculation server Web server i
Click URL
JS,and TS .:>[ Page 1 ]
Start page
= )

4/ eand
JS,and TS Page 2
Data input « Product specifications

Read « Production scenario
* Flowsheet

InpuE and”cllck « Equipment technology
Call calculation </ next e eatnabes
server

=
/Calculation .:>
TS with data @[ﬁ
Evaluation target =

* Product properties
* Flowsheet

Confirm and |* Equipment sizes
click “next” | * Operating conditions

Call calculation </j

Multiobjective | <— server
evaluation )=—(HTML, JS, and
TS with data Page 4
Evaluation results =) |nterpretand | Overall
| * Breakdown
analyze « Sensitivity analysis

URL: Uniform Resource Locator
JS: JavaScript
TS: TypeScript

HTML: HyperText Markup Language Chosen equipment technology

Figure 5. Architecture of “TECHoice” with flows of requests and responses over four web pages.

The main input parameters of the tool are product specifications, such as filling volume, and
production scenario, e.g., project lifetime, annual production volume, production mode, and number
of products per year. The possible ranges of the input parameters are shown in Table 3. According
to the user input data on the second page, the physical properties of the drug product solution and
the flowsheet are loaded from the built-in database, and equipment sizes and operating conditions,
such as batch size and filling time, are calculated. After users confirm the results on the third page,
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multi-objective evaluation is conducted with four indicators: economic and environmental impacts
as well as product quality and supply robustness, where price data, emission data, or properties of
leachables are loaded from the built-in database for the calculation. Overall results and a breakdown
of the results for each of the four indicators are shown for both SUT and MUT on the last page. The
current version of the tool offers different components of the economic and environmental results
(disposables, labor, utilities, and investment). However, despite individual equipment costs being a
part of the calculation, their values are not accessible in the current version. This feature will only
be available in the licensed online version. The total score, which integrates values of all the four
indicators, is shown for SUT, MUT, and HYB using weighting factors that reflect the indicator priorities
of the user. The total score determines the final technology choice where a smaller score value indicates
a better technology option. The results are sometimes sensitive enough to the indicator weighting
factors to change the choice of the preferred equipment technology. Therefore, the final page has a
function that can be used to display results of the sensitivity analysis to the weighting factors. The
default setting is equal weighting among the four indicators. Discrete options can be chosen to test the
sensitivity in some cases, such as “economy first” which allocates a minimum weighting factor of 0.1
to all indicators other than the economic aspect (allocated 0.7). Similarly, cases of “environment first”,

s

“supply first”, “quality first”, and “supply and quality first” are also evaluated.

Table 3. Possible range of input parameters.

Available Ranges or

Category Parameter Unit Values
Product type - Default
Product specifications Filling volume L/vial >0
Target disease - Default
Project lifetime y 0<x<20
Annual production volume Ly >0

Production scenario

Production mode - {Campaign, Alternating}
Number of product per year product/y >1
Flowsheet - Default
. Equipment technology - {SUT, MUT, HYB}
E t technol
quipment technology Equipment material for HYB - {Stainless steel, Resin}

Evaluation Chemical compounds to _ Default
evaluate as leachables

3. Case Study

We conducted a case study to demonstrate the use of the tool with four different production
scenarios. The following sections outline the details and visualization of “TECHoice” from page 1, “start
page”; page 2, “data input”; page 3, “evaluation target”; to page 4, “evaluation results”. Screenshots
(as of 11 July 2019) of all four pages are shown in the Appendix A.

3.1. Start Page

This is the front page depicting an explanation of the tool, such as purpose, target, and key input
parameters, and the data management policy as shown in Figure Al. The users click the “next” button
after agreeing with the terms.

3.2. Data Input

The purpose of the page is for users to insert their input parameters. There are five sections where
users are required to fill in values or choose options: “Define your product”, “Define your production

scenario”, “Select your flowsheet”, “Select your options of equipment technology”, “Fill in the type of
chemical compounds you want to evaluate as leachables” as shown in Figure A2.
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In this case study, input parameters of four production scenarios were demonstrated. Table 4
shows the list of input values for each scenario. The tested scenarios are defined as follows:

e  Scenario A:large-scale in campaign production mode with minimal change-over;
e  Scenario B: large scale in alternating production mode with maximal change-over;
e  Scenario C: small-scale in campaign production mode with minimal change-over;
e  Scenario D: small-scale in alternating production mode with maximal change-over.

Table 4. Input parameters of each scenario.

Scenario
Parameter Unit A B C D
Project lifetime y 10 10 10 10
Annual production Lly 150,000 150,000 10,000 10,000
amount (per plant)
Production mode - Campaign  Alternating Campaign Alternating
Number of product/y 2 10 2 10

product per year

In this case study, minimal and maximal change-overs were taken as two and ten
products, respectively.

In the product definition section, a monoclonal antibody for bowel cancer with the filling volume
of 0.015 L/vial was assumed. The default drug product solution properties were taken to be the same
as water in the prototype version. The target disease is used to estimate the potential patient demand
size, which is used to evaluate the supply robustness indicator in the tool. The default flowsheet was
assumed to have the same process as explained in Section 2.1. Three types of equipment technologies
were considered: SUT, MUT, and HYB. The prototype version of the tool takes stearic acid as the
default compound leaching from resin-made equipment since it is a common example of leachables.

3.3. Evaluation Target

The purpose of this page is for the users to confirm their input values, values from database, default
assumptions, and intermediate calculation results. This page is composed of five sections: “Product
data”, “Flowsheet data”, “Equipment data”, “Operating conditions”, and “Evaluation parameters”.

Table 5 shows some of the intermediate calculation results of batch size, filling time, and annual
number of batches, in addition to default values from the database, such as required time for change-over
and number of operators. Since alternating production features more time-intensive product-to-product
changeover operations, it can therefore accommodate a smaller number of annual batches (Scenarios B
and D) compared to campaign production modes (Scenarios A and C). The scenarios with larger annual
production volume (Scenarios A and B) were assigned larger batch sizes to fit into the fixed annual
working time. The filling time was proportional to the batch size due to the fixed pumping speed.
The number of batches calculated for Scenario C was higher than expected for a realistic industrial
production case. In this prototype version, however, no error messages will be displayed for such a
case. The full version will display a warning message.

3.4. Evaluation Results

The purpose of this page is to visualize the multi-objective evaluation results for interpretation
and choice of technologies. The page has five sections: “Overall”, “Result for SUT”, “Result for MUT”,
“Total score”, and “Sensitivity analysis”.
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Table 5. Parameters of the operating conditions decision layer of different (a) scenarios (intermediate
calculation results) and (b) technologies (default values from the database).

(a) Scenario
Parameter Unit A B C D
Batch size L 656 1725 26.8 70.9
Filling time h 3.04 8.00 0.124 0.328
Annual number of batches ly 229 87 373 141
(b) Technology
Parameter Unit SUT HYB MUT

Required time for
batch-to-batch h 2 4.5 4.5
change-over operation
Required time for

product-to-product h 2 7.5 7.5
change-over operation !
Number of operators - 5 4 2

! Change-over operations in SUT (single-use technology) do not differentiate batch-to-batch and product-to-product
change-over operations, whereas HYB (a common industrial hybrid technology option) and MUT (multi-use
technology) have different change-over types depending on the operation.

3.4.1. Overall/ Result for SUT/ Result for MUT

In Section 1, indicator values for the economic and environmental impacts, product quality, and
supply robustness aspects are shown in the form of a table. The next two sections show the breakdown
of the economic and environmental impacts of SUT and MUT in pie charts in terms of the contribution
of disposables, labor, utilities, and investment costs.

The breakdown of economic and environmental impacts of Scenario A (large-scale in campaign
production mode with two products) and D (small-scale in alternating production mode with ten
products) are shown in Table 6. The breakdown of the economic impact results showed similar common
trends between scenarios A and D. SUT incurs a large cost for purchasing disposable equipment and
minimal investment costs due to the lack of fixed stainless steel equipment. The overall results showed
that the economic impact of SUT was larger than that of MUT in Scenario A, and the impact of MUT
was larger than that of SUT in Scenario D. Scenario A had a larger annual number of batches which led
to more change-over in disposable equipment, causing the larger cost of SUT. Labor cost in SUT was
larger for Scenario A due to the larger number of operators compared to MUT. Scenario D, however,
featured frequent product-to-product change-over operations in the alternating production mode.
Given that the time for product-to-product change-over of MUT is longer than that of SUT, operator
working hours were longer in this scenario leading to higher labor costs for MUT.

The breakdown of the environmental results showed similar common trends between Scenarios
A and D. The impact from disposables was larger in SUT compared to MUT, where the contribution of
utility consumption was large for both SUT and MUT. The environmental impact of utility consumption
stems from the energy required for heating, ventilation, and air conditioning (HVAC) to keep the
manufacturing area clean. In the environmental impact calculation, manufacturing area and time are
the key parameters affecting process utility consumption. In the default setting, MUT with fixed piping
is assumed to have double the size of manufacturing area compared to SUT with flexible tube, causing
the impact of utilities in MUT to be larger than that in SUT.
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Table 6. Breakdown of economic and environmental impacts of Scenarios (a) A and (b) D.

Scenario A(Large-scale in campaign production mode

@ with two products)
Economic impact (JPY) Environmental impact (kg-CO;)
SUT MUT SUT MUT
Disposables 5.23 x 108 9.67 x 107 453 4.74
Labor 2.74 % 108 1.65 x 108 - -
Utilities 5.48 x 107 1.67 x 108 76.4 254
Investment 9.00 x 10° 9.73 x 107 - -
Overall 8.53 x 108 5.27 x 108 122 259
®) Scenario D (Small-scale in alternating production mode
with ten products)
Economic impact (JPY) Environmental impact (kg-CO;)
SUT MUT SUT MUT
Disposables 2.79 x 108 5.96 x 107 38.4 4.74
Labor 7.81 x 107 1.65 x 108 - -
Utilities 1.56 x 107 1.68 x 108 35.3 440
Investment 4.99 x 10° 9.14 x 107 - -
Overall 3.73 x 108 4.85 x 108 73.7 444

3.4.2. Total Score

In Section 4, the total score, an aggregated value of all the four evaluation results, is shown in
a stacked bar chart for the three evaluated alternatives: SUT, MUT, and HYB. Figure 6 shows the
results of the total score of the four tested scenarios. The alternative with the smallest total score is to
be chosen. In the case of alternating production of ten products (B, D), SUT was chosen as the best
alternative regardless of the annual production volume. In the case of campaign production with
two products (A, C), MUT was the best alternative regardless of the annual production volume. The
difference in the total score between SUT and MUT in Scenarios A and C is too small to make a decision
with confidence. Individual indicators, however, show different profiles between SUT and MUT. In
this case, the weighting factors of the different indicators play a significant role in the final decisions,
and a more in-depth analysis of the individual indicators’ results is required. Among the four tested
scenarios, the decision with the highest certainty was the choice of SUT in Scenario D as indicated by a
difference in the total score of SUT compared to the others. To finalize the decision, the values of the
weighting factors were varied for this scenario to test the effect of the variance on the conclusion.

3.4.3. Sensitivity Analysis

The sensitivity analysis function is embedded below the stacked bar charts of total score, where
users can choose six different combinations of weighting factors depending on the priority of aspects:
equal weighting, economy first, environment first, supply first, quality first, supply and quality first.
The bar charts showing the results of the total score change according to the change with the total score
calculated from the selected combination of weighting factors.

Figure 7 shows the results of the sensitivity analysis to the impact of weighting factors on the
assessment results for Scenario D (small-scale in alternating production mode with ten products).
Weighting factors of the four indicators were discretely changed. The default combination used in the
assessment is equal weighting factors (w = 0.25) for all indicators (same as the results already shown
in Figure 6). Equal weighting of the indicators showed SUT as the best alternative for Scenario D.
When supply robustness was prioritized, the total score of MUT was the smallest due to the lower
probability of delays due to equipment failures than delays due to supply failure of the disposable
equipment. HYB was the best when product quality was prioritized. The impact of product quality
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is the aggregated effect of leachables and residues, where the effect of leachables was the largest in
SUT, second largest in HYB, and the smallest in MUT. On the other hand, the effect of residue was the
largest in MUT, second largest in HYB, and the smallest in SUT. When the product quality impact was
calculated using Equation (2) with the same weighting factors for leachables and residue, the impact of
HYB became the smallest among the three alternatives. The HYB alternative has a smaller exposure to
leachables compared to SUT since it employs a stainless steel mixing tank, which is the equipment with
the largest area and residence time, and thus the highest contribution to leachable concentration in the
system. Residue concentration is assumed to be a function of only the contact surface area rather than
the residence time. Since the mixing tank’s area in this scenario is smaller than all other equipment
combined, the expected residue concentration is therefore smaller in the HYB alternative compared to
MUT. The combined effect of leachables and residue was also smaller compared to either SUT or MUT.

B D Economic impact
1 1 ) .
% Environmental impact
g 3 0.61 0.69 0.51 z 0.62 0.68 0.43 Supply robustness
< [ o Production quality
£ 10 /y, Alternating 8 0.5 8 0.5
S @ @
3 © ©
e 5 S
Ql (= 0 [ 0
% MUT HYB SUT MUT HYB SUT
=
~
g A 1 C 1
§ = 0.57 0.70 0.59 - 0.56 0.66 0.57
hs] L L
3 o o
g 2 ly, Campaign 8 0.5 S 0.5
5 % % MUT: Multi-use technology
< 3 5 HYB: Hybrid technology
§ = 0 L] SUT: Single-use technology
< MUT HYB SUT MUT HYB SUT Chosen technology
150,000 Lty 10,000 Lty

Figure 6. Landscape results of the total score for different production scenarios of (A) large-scale in
campaign production mode with minimal change-over, (B) large scale in alternating production mode
with maximal change-over, (C) small-scale in campaign production mode with minimal change-over,
and (D) small-scale in alternating production mode with maximal change-over.

Economic impact Supply robustness MUT: Multi-use technology SUT: Single-use technology
Environmental impact Production quality HYB: Hybrid technology Chosen technology

0.62 0.68 0.43 0.60 0.78 0.45 0.84 0.63 0.27 0.48 0.87 0.54 0.56 0.45 0.47

0.5
0 MUT HYB SUT MUT HYB SUT MUT HYB SUT MUT HYB SUT MUT HYB SUT
Equal weighting Economy first Environment first Supply first Quality first
Wegonomy 0.25 0.7 0.1 0.1 0.1
Wenvironment 0.25 0.1 0.7 0.1 0.1
Wsupply 0.25 0.1 0.1 0.7 0.1
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Figure 7. Sensitivity analysis of total score for Scenario D by (a) applying equal weighting for the four
indicators, (b) prioritizing economic impact, (c) prioritizing environmental impact, (d) prioritizing
supply robustness, and (e) prioritizing production quality.

157



Processes 2019, 7, 448

4. Discussion

The equipment technology choice among SUT, MUT, and HYB can thus be made based on the
analysis presented in the case study for each scenario. Users can form a comprehensive picture of the
possible range of assessment results. The advantages of the tool include flexibility in changing input
parameters as well as visualization of the multi-objective evaluation and sensitivity analysis results.
The tool with these benefits establishes a basis for a platform that connects academically developed
models and algorithms to users in the industrial community with real production decisions.

The prototype tool can still be extended to a full online version offering more functionalities,
alternatives, and analysis features. For example, flexibility of input parameters could be upgraded.
Only “default” values are allowed for “product type” and “flowsheet” in the current version. In the
extended version, more “customized” choices will be allowed. In addition, in the prototype version no
error messages are shown regardless of values or options that users selected, e.g., negative values of
input parameters, such as project lifetime or annual production volume. Warnings are not given for
unrealistic production conditions, e.g., unrealistic batch numbers or batch sizes. Disposable mixing
tanks higher than 2000 L are not available, however, SUT options with higher batch sizes would not
get a warning message.

Output visualization will be improved to display results for other hybrid alternatives and to show
amore detailed breakdown of indicator results. In the current version, only results of SUT, MUT, and an
empirical hybrid alternative can be seen in full detail. More extensive sensitivity analysis can help users
identify critical process parameters of different design stages. The uncertainty analysis concerning the
influence of various model parameters and their ranges on the results will be the focus of our next
publication, which aims to parameterize and landscape at different design phases. Technical updates
can also be expected, e.g., for the user interface to visualize the results of the extended sensitivity
analysis, or security updates for the input data.
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Appendix A

@ TECHoice x| +
€« C  ® Notsecure | www.pse.t.u-tokyo.acjp/TECHoice/startpage

Go back

Start page

Welcome to our online tool "TECHoice" !
Before starting the simulation, we would like you to agree with these terms.

About the app
1. This application (app) aims to support decisions in the process design of biopharmaceuticals.
2. The design target of this app is a sterile filling process of drug product manufacturing.
3. This app deals with the decision on the choice of equipment technology (multi-use technology and single-use technology).

4. The models of this app enable a preliminary decision on the choice of the equipment technologies, e.g., at a preclinical phase
when installation of the new facilities is to be decided.

5. The models require these main input parameters: filling volume [L/viall, project lifetime [year], annual productien volume (per
plant) [L/year], production mode (campaign or alternating mode), and number of products per year.

6. This tool is a prototype version. Do not use for commercial purposes.

Data management

1. The input values for calculation and simulation results will not be recorded or stored in the tool.
2. The app allows multiple access at one time, however in the case of over quota, please come back after some time.

User information (optional)

We appreciate if you could send any feedback to us for further improvement (techoice@pse.t.u-tokyo.ac.jp). Please include
the following information: country, institution, and your email address. Thank you for your interest.

NEXT «d

(1 AGREE WITH THESE ABOVE TERMS)

©2018-2019 Haruku Shirahata, Yuki Shinno,

(e J %ﬁl\ulﬁ Shuta Hagimori, Rizki Darmawan,
Hirao-Sugiyama Lab Sara Badr, and Hirokazu Sugiyama

Figure Al. Screenshot of the first page (Start page) of “TECHoice”.
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<« @ @ Notsscure | wwwpse.tu-tokyo.acip/ TECHaice/input
Data input

Please select or insert your input parameters.
1. Define your product

Product type: Default -
Filling volume: 0.015 Livial
Target disease: Default

2. Define your production scenario

Project lifetime: 10 year

Annual
production
volume (per
plant)

50000  Liyear

Production

G -
ol ampaign

Number of
product per 2
year

3. Select your flowsheet

@ Default

O Customized (not available)

4. Select your options of equipment
technology

Single-use technology (SUT)
Hybrid technology (HYB)

Multi-use technology (MUT)

If you select HYB, please choose the material
combination.

Mixing tank

Resin
Stainless steel [] (rot avalabia)
wail

Transfer tube

o Stainless steel

R
(not available) -

Filter housing
Stainless steel
o

R
(not available) -

Buffer tank

(m]

Stainless steel

Resin
(not available) !

Filling needle

[} Stainless steel

Resin
(not available) o

5. Fill in the type of chemical compounds
you want to evaluate as leachables

Chemical
Default
compounds:
NEXT o4
(CoNTRMABATA FOR SCENARO
EVALUATION)
3 m S ? © 2018-2019 Haruku Shirahata, Yuki Shinno,
o Unavasset o oo Shuta Hagimori, Rizki Darmawan,
Hirao-Sugiyama Lab Sara Badr, and Hirokazu Sugiyama

Figure A2. Screenshot of the second page (Data input) of “TECHoice”.
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Figure A3. (a—d) Screenshot of the third page (Evaluation target) of “TECHoice”.

161



Processes 2019, 7, 448

. L+ omm
co e B
Evaluation results
1. Overall
T 0
2. Result for SUT (ID=256)
4. Total score
conomy Erviooment  Supply  Qualty
e €
3. Result for MUT (ID=1)
5. Sensitivity analysis on weighting
Economy L7 €
(a) (b)
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References

1.  U.S. Food and Drug Administration (FDA) CFR—Code of Federal Regulations Title 21. Available online:
https://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfcfr/CFRSearch.cfm?fr=211.67 (accessed on 7 June 2019).

2. Lopes, A.G. Single-use in the biopharmaceutical industry: A review of current technology impact, challenges
and limitations. Food Bioprod. Process. 2015, 93, 98-114. [CrossRef]

3.  Klutz, S; Magnus, J.; Lobedann, M.; Schwan, P.; Maiser, B.; Niklas, J.; Temming, M.; Schembecker, G.
Developing the biofacility of the future based on continuous processing and single-use technology. J. Biotechnol.
2015, 213, 120-130. [CrossRef] [PubMed]

4. Ierapetritou, M.; Muzzio, F; Reklaitis, G. Perspectives on the continuous manufacturing of powder-based
pharmaceutical processes. AICKE ]. 2016, 62, 1846-1862. [CrossRef]

5. Karst, D.J.; Steinebach, F.; Morbidelli, M. Continuous integrated manufacturing of therapeutic proteins. Curr.
Opin. Biotechnol. 2018, 53, 76-84. [CrossRef] [PubMed]

6.  Metta, N.; Ghijs, M.; Schéfer, E.; Kumar, A.; Cappuyns, P.; Assche, L.V.; Singh, R.; Ramachandran, R.; Beer, T.D.;
Ierapetritou, M.; et al. Dynamic Flowsheet Model Development and Sensitivity Analysis of a Continuous
Pharmaceutical Tablet Manufacturing Process Using the Wet Granulation Route. Processes 2019, 7, 234.
[CrossRef]

7. Lee, ].C; Chang, HN.; Oh, D.J]. Recombinant Antibody Production by Perfusion Cultures of rCHO Cells in a
Depth Filter Perfusion System. Biotechnol. Prog. 2005, 21, 134-139. [CrossRef] [PubMed]

8. Sandstrom, C. Disposable vs. Traditional Equipment- A facility-Wide View. Chem. Eng. Prog. 2009, 105,
30-35.

9. Monge, M; Sinclair, A. Disposables Cost Contributions: A Sensitivity Analysis. BioPharm Int. 2009, 22.

162



Processes 2019, 7, 448

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.
22.

23.

24.

25.
26.

27.

Pietrzykowski, M.; Flanagan, W.; Pizzi, V.; Brown, A ; Sinclair, A.; Monge, M. An environmental life cycle
assessment comparison of single-use and conventional process technology for the production of monoclonal
antibodies. . Clean. Prod. 2013, 41, 150-162. [CrossRef]

Rawlings, B.; Pora, H. Environmental impact of single-use and reusable bioprocess systems. Bioprocess Int.
2009, 7, 18-25.

Shirahata, H.; Hirao, M.; Sugiyama, H. Decision-Support Method for the Choice Between Single-Use and
Multi-Use Technologies in Sterile Drug Product Manufacturing. J. Pharm. Innov. 2017, 12, 1-13. [CrossRef]
Shirahata, H.; Hirao, M.; Sugiyama, H. Multiobjective decision-support tools for the choice between single-use
and multi-use technologies in sterile filling of biopharmaceuticals. Comput. Chem. Eng. 2019, 122, 114-128.
[CrossRef]

Farid, S.S.; Washbrook, J.; Titchener-Hooker, N.J. Decision-support tool for assessing biomanufacturing
strategies under uncertainty: Stainless steel versus disposable equipment for clinical trial material preparation.
Biotechnol. Prog. 2005, 21, 486—497. [CrossRef] [PubMed]

Shirahata, H.; Badr, S.; Dakessian, S.; Sugiyama, H. Alternative generation and multiobjective evaluation
using a design framework: Case study on sterile filling processes of biopharmaceuticals. Comput. Chem. Eng.
2019, 123, 286-299. [CrossRef]

Aspen Technology, Inc. Aspen Plus. 2019. Available online: https://www.aspentech.com/en/products/
engineering/aspen-plus (accessed on 14 June 2019).

Aspen Technology, Inc. Aspen HYSYS. 2019. Available online: https://www.aspentech.com/en/products/
engineering/aspen-hysys (accessed on 14 June 2019).

Aspen Technology, Inc. Aspen Batch Process Developer. 2019. Available online: https://www.aspentech.
com/products/engineering/aspen-batch-process-developer/ (accessed on 14 June 2019).

Farid, S.S.; Washbrook, J.; Titchener-Hooker, N.J. Modelling biopharmaceutical manufacture: Design and
implementation of SimBiopharma. Comput. Chem. Eng. 2007, 31, 1141-1158. [CrossRef]

Biopharm Services Limited. BioSolve Professional ver. 7.0.6.3. 2018. Available online: https:
//biopharmservices.com/software/ (accessed on 14 June 2019).

OUAT! HakoBio. 2019. Available online: http://www.hakobio.com/ (accessed on 14 June 2019).

The MathWorks, Inc. MATLAB Production Server. 2019. Available online: https://jp.mathworks.com/
products/matlab-production-server.html (accessed on 14 June 2019).

Royal Society of Chemistry, ChemSpider. 2015. Available online: http://www.chemspider.com/ (accessed on
14 June 2019).

National Center for Biotechnology Information, The PubChem Project. Available online: https://pubchem.
ncbinlm.nih.gov/ (accessed on 14 June 2019).

Life Cycle Assessment Society of Japan. JLCA-LCA Database, 4th ed.; Chiyoda-ku, Tokyo, Japan, 2014.
Japan Environmental Management Association for Industry JEMAI). LCA System MiLCA (original title in
Japanese), ver. 1.1.; Chiyoda-ku, Tokyo, Japan, 2012.

National Institute of Advanced Industrial Science and Technology and JEMAL. LCI Database IDEA (original
title in Japanese), ver. 1.1.; Chiyoda-ku, Tokyo, Japan, 2012.

® © 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution
BY

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

163






processes MBPY

Concept Paper

Show Me the Money! Process Modeling in Pharma
from the Investor’s Point of View

Christos Varsakelis *, Sandrine Dessoy, Moritz von Stosch and Alexander Pysik

Technical Research & Development, GSK Biologicals, 1330 Rixensart, Belgium
* Correspondence: christos.x.varsakelis@gsk.com

Received: 31 July 2019; Accepted: 2 September 2019; Published: 4 September 2019

Abstract: Process modeling in pharma is gradually gaining momentum in process development but
budget restrictions are growing. We first examine whether and how current practices rationalize
within a decision process framework with a fictitious investor facing a decision problem subject to
incomplete information. We then develop an algorithmic procedure for investment evaluation on
both monetary and diffusion-of-innovation fronts. Our methodology builds upon discounted cash
flow analysis and Bayesian inference and utilizes the Rogers diffusion of innovation paradigm for
computing lower expected returns. We also introduce a set of intangible metrics for quantifying the
level of diffusion of process modeling within an organization.

Keywords: process modeling; return on investment; diffusion of innovation

1. Introduction

Modeling and simulation (M&S) refers to the R&D (Research & Development) methodology
where mathematical equations (models) are solved numerically or analytically (via simulation) for the
description of physical systems. Such a generic definition captures all different types of representations
of physical systems: Mechanistic, empirical and hybrid. However, in this paper we only focus on
mechanistic and/or hybrid models. Modeling and simulation (M&S) has been gradually adopted by
different industries for the understanding, investigation, optimization and diagnostics of existing
and future processing technologies since the 1960s giving rise to what is commonly referred to as
process modeling.

The pharmaceutical industry constitutes an interesting case. On the one hand, computational
chemistry has long been an indispensable tool in drug discovery and, nowadays, in silico drug
discovery, it is spearheading future developments. On the other hand, the pharmaceutical industry is
amonyg the last ones to join the party since process modeling has only been sporadically utilized despite
advocates preaching for the contrary [1,2]. This thought-provoking conundrum has not gone-by
unnoticed and there is a wealth of efforts devoted to its study [3-6]. A synthesis of the results has
revealed several factors with the most recurring ones being:

(i) Keeping science out of processing. This manifests itself through the continuous and oftentimes
erroneous belief that (a) the complexity of the processes is too high and (b) the maturity of M&S is
too low for the production of fruitful results. This line of thought has been perpetuating though
some recent efforts that hint that blending science-based solutions with engineering approaches
is growing momentum [7]. Moreover, and perhaps more importantly, there is a growing volume
of research efforts (i) corroborating both the pertinence and the efficacy of M&S on both upstream
and downstream [8-10], (ii) offering holistic and industrial-friendly frameworks [11] and (iii)
focusing on even the most novel processing techniques [12].

(i) Lack of regulatory frameworks. M&S has been notably absent from regulatory frameworks.
However, recent publications [13], betoken that such ideas are cultivating.
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(ili) Domination of empirical/statistical modeling. Processing in pharma has partnered very
well with statistics. Progressively, statistical modeling has been integrated in the core of
R&D methodologies. Proposing alternative methodologies will undoubtedly be subject to
“appeal-to-tradition” reactions.

(iv) Emphasis on drug discovery: From an investment-risk portfolio management point of
view, investments in drug/vaccine discovery are more promising than those in process
development/understanding. Consequently, only the bare minimum has been done to get
the processes economically viable. Even so, investment-related decision making has been
relevant; rationally choosing, for example, between batch and continuous processing has attracted
considerable attention [14].

(v) Shortage of in-house M&S expertise. Accommodation of M&S components that are relatively
new and evolving requires dedicated FTEs (Full Time Equivalent) and building up competencies.
In the absence of an interest towards M&S, such internal expertise is cumbersome to be built
and updated. Consequently, new concepts or breakthroughs, are difficult to detect, digest and
eventually implement.

Nonetheless, process development has started to utilize elements of M&S oftentimes in a systematic
fashion as part of an organizations vision for digitization [15,16] and the accommodation of the quality
by design paradigm [13]. Moreover, given the persistently disappointing figures on return on
investment in pharma and the gloomier predictions [17], and the ever-growing development cost
and risk [18,19], acceleration of development has become a key management target [20], and here
M&S is expected to yield significant results. However, in such an environment which requires a
stricter scrutiny of investments, M&S teams should be prepared to address questions on the business
engineering front. Put simply, the diplomatic immunity granted to M&S has been relinquished.

Designing a business case for M&S is an arduous task because, although M&S costs are
straightforward to compute, outcomes of M&S exercises are laborious to quantify. What complicates
matters more, is the qualitative nature of such outcomes that render relevant efforts even more
challenging. Importantly, the described challenges are not confined within pharma but invariably
extend to other industries which explains the dearth of relevant studies in the literature.

To the best of our knowledge, the first organization that systematically investigated the business
case of M&S and openly archived it is the U.S. Department of Defense. In a series of landmark
publications [21-25], the authors have investigated the evaluation of M&S returns and presented real
case studies. A handful of subsequent studies have adjusted these findings though predominately in a
qualitative direction. With respect to pharma, in particular, we are only acquainted with the study
of [26] where the authors examine the effects of M&S in drug development and time to market and
find a positive correlation in turn backed by the presentation of NPV (Net Present Value) values.

The objective of this paper is to examine process modeling in pharma from an investor’s point
of view and bring forward an algorithmic methodology that allows for the development of detailed
business studies. Our methodology is endowed with both tangible and intangible metrics to provide
for a holistic approach to the problem in hand. On the tangible front, we examine M&S under the
prism of discounted cash flow analysis. As in regard to intangible metrics, our analysis draws from
and builds upon the earlier studies of [21-25] but incorporates them into a diffusion-of-innovation
paradigm based on the Rogers innovation curve [27].

2. State of the Art in Decision Making

Pharmaceutical corporations have already invested non-negligible amounts of capital for building
up M&S competency and internal capabilities. We model the current situation and use this framework
as a vehicle to optimize current practices. Let Mr. X be the budget owner of the R&D organization
within a pharmaceutical corporation. Mr. X is endowed with an annual budget of M$ (dollars) that
covers for both recurring (e.g., salary) and one-time costs.
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At some point, Mr. X is visited by a group of managers and/or scientists, henceforth referred
to as “the Group”, who propose to form a M&S team focusing on processing. They require
an upfront investment of M; < M dollars per year plus M, < M dollars for one-time costs.
In support of their request, the Group typically offers four anecdotal or poorly tractable quantitative
arguments: (a) Reduction of design/investigation time, (b) enhancement or replacement of real-life
tests, (c) circumvention of limitations of funding, (d) insight into issues unapproachable by alternatives.
Intuitively one expects that these four arguments are to a certain extent true. However, whether the
aggregate effect remains positive or there is a fallacy of composition has yet to be robustly demonstrated.
In layman terms, M&S can positively impact practices in processing but at what cost.

In cash-flow terms, our Group argues that the evolution of cash-flow will initially be negative,
as expected, but it will gradually shift upwards and eventually become positive as pedantically
shown in Figure 1a; In the absence of relevant data, figures in the present conceptual paper are rather
ad-hoc representing the accumulated empirical knowledge and industrial experience of the authors.
Manifestly, they offer a high-order qualitative illustration of the underlying trends and they should
be interpreted as such by the reader. Nonetheless, the same figure has superimposed an alternative
scenario where the cash-flow remains negative for a prolonged period. Given that penetration of a new
technology/method typically follows a Rogers S-shape curve [27] depicted in Figure 1b, the plausibility
of this scenario should not be ignored.

e o o o
= S & &

Cash flow

Normalized level of diffusion
e o
a2 @

e

—

Time 0

Time (years)

(a) (b)

Figure 1. (a) Cash flow of modeling and simulation (M&S) as the time-history of profit, (b) A theoretical
Rogers curve for diffusion/penetration of innovation.

How should our investor react? Mr. X faces an interesting decision problem. Under the assumption
that Mr. X is a rational agent, the whole decision process can be modeled quite nicely, though a detailed
modeling framework of this problem is quite subtle. For the sake of simplicity, herein, we sketch the
basic ideas. In this respect, Mr. X is conditioning decisions on the outcomes of the following profit
maximization problem:

maxm = (g —wL) 1)

where 7,4, w, L stand for profit, production units in dollars, production units here is more broadly
interpreted, cost per employee, and number of employees. We can generalize this to include physical
capital and/or time but doing so increases complexity without further clarifying the picture. Mr. X
considers that a simplified Cobb-Douglas production function adequately describes the relation
between production units, physical capital and labor so that;

g=AL" )

with A, a constants determining productivity. Note that, typically, the Cobb-Douglas functions has a
component related to cost of capital but we have neglected this here. The above is a classical paradigm
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that can be solved by Mr. X analytically. Now, the Group claims that the 7t that Mr. X has computed is
not optimal. They point towards the existence of another group of employees (M&S experts) who can
drive profits upwards. When Mr. X asks the Group to quantify their argument they posit that M&S
experts follow a different Cobb-Douglas production function:

qms = e L2 )

where by and by are random variables which reflects the uncertainty that even the Group has with
respect to the quantification of benefits. With this information at hand, Mr. X can actually advance and
solve the corresponding model. However, the accuracy of the predictions depends on the properties of
b1, by and, more importantly, on whether these properties are known. Provocatively, a risk averse or
even risk neutral inventive should reject this proposal as non-tractable!

Nevertheless, we have multiple examples where our investor Mr. X succumbs to the demand of
the Group and grants the investment. A possible escape route may be found if we postulate that Mr. X
is not only rational but also informed in the following sense. In the absence of M&S, employees can
use a set of skills/prior knowledge S for the execution of their tasks. Furthermore, the net revenue per
employee in the organization R is p $/employee. Our investor has performed a comparative analysis
with competitors and concludes that p does not reflect the true potential of the organization and that
there is room for improvement. Mr. X goes a step further and theorizes that R = R(S) with R(S)" > 0
and R(S)” < 0. Then, being acquainted with the state of the art in M&S, X makes the informed decision
that augmenting S with the competencies provided by M&S will result in an increase of R(S) though it
is not possible to predict the precise payoffs.

We now focus on the development and understanding of best practices. Strictly speaking, M&S (as
well as experiments and statistical models) acts as an evaluation mechanism. For instance, an M&S
exercise provides an insight to a phenomenon and as such empowers stakeholders to make informed
decisions. If economics is also put into the equation then, M&S, as an evaluation mechanism, can be
utilized for economically rational decisions. With the above in mind, we may, therefore, ask ourselves:
“To what extent must we model in order to make our next decision?” and provide the following answer:
“To the extent that the corresponding payoff is sufficiently positive” with sufficiently ideally being an
exogenous parameter.

2.1. Tradeoffs

When calculating payoff of M&S, a clear view of the tradeoffs is required to set expectations at
reasonable levels, conditioned on the risk behavior of choice: aversion/neutrality/love. Two important
tradeoffs are fidelity vs. cost and fidelity vs. complexity. Herein, fidelity refers to the quality of the
model in terms of describing the observations and predicting the general behavior of the system for
process design and operation relevant scenarios. A typical situation is plotted in Figure 2a,b.

Figure 2a provides a visualization of fidelity vs. cost in the plane where a typical progress trajectory
is plotted from conception to optimization vs the minimum level of fidelity required for practical
applications. We observe that early efforts in a terra incognita result in high cost and low fidelity.
Progressively, one reaches the minimum level of fidelity (though with high cost) but further increases
in fidelity eventually lead to cost decline and positive cost-effectiveness balance. Consequently,
knowledge of where M&S stands with respect to Figure 2a is imperative for accurate calculations
of payoffs.

Figure 2b depicts fidelity vs complexity lines; the lines should be perceived as a first-order
approximation of the true relation—in reality, complexity vs. fidelity curves have much more
complicated structure. The three lines correspond to early, moderate, and mature M&S in a
counter-clockwise fashion. The change in slopes denotes how the accumulation of expertise and
know-how leads to leaner approaches; for example, via systematic reductions, symmetry considerations,
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dimensional arguments, clever discretization techniques etc. Similarly to the fidelity vs cost case,
the status quo of fidelity vs complexity should be adequately known.

Progress trajectory Mature

> >

= =2

K] K7}

= = Moderate

. (.
arly

Minimum required fidelity
Cost Complexity
(a) (b)

Figure 2. (a) Schematic representation of the relationship between fidelity with cost; (b) Schematic
representation of fidelity vs complexity.

2.2. Decision Flow-Chart

Calculation of payoffs requires an assessment plan of the outcomes of M&S conditioned on the
inputs. The flow chart of this process is plotted in Figure 3. We observe that input parameters are
cost, time and risk. The output is the results that an M&S exercise yields. It is the assessment of
results versus the aggregate effect of cost, time and risk that should drive a go or no go decision for

further investment.

N o ( Go! )

)

— / /

\ [
(Time ) C \/ Results | [ | Assessment
) \ / \
[_I'L \ - /,’ - /O
8] = - (/ No \‘
1 \ Go! )
< Risk ) T

Figure 3. Flow chart of assessment plan for M&S.

For the determination of cost of M&S, we dichotomize models into descriptive and prescriptive ones.
Henceforth, A model here is understood as a triplet (governing equations, numerical algorithm/method,
software) required for simulation. In other words, it is not only a series of mathematical equations.
Descriptive models describe the behavior of existing systems whereas prescriptive models envision to
describe the expected behavior of a hypothetical system. For example, a descriptive model would
be used to model an existing fermentation vessel. A prescriptive model would be used to design
and model a novel fermentation vessel without specific requirements. Descriptive and prescriptive
models share similarities with respect to cost, nevertheless, important differences may also be identified.
In Table 1, we have tabulated the costs associated with each type of models, further partitioned into
upfront (one-time) and recurring costs. One observes the absence of accreditation from prescriptive
models; this is to be expected since such models are spearheading R&D and are neither standardized
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nor subject to systematic upgrades, at least at their early phases of existence. An interesting disparity
is the presence of “temptation” in recurring costs. This explains the danger of getting lost in endless
exploratory studies, where one goes deeper and deeper whilst there is no clear vision or direction
ahead. Cost of temptation may be easy to tame upfront but the lack of a valorization strategy can allow
it to skyrocket and undermine budget considerations. Based on Table 1, we can compute the total cost
of M&S at year N:

Cost(year N) = COStsaft + Costyarg + Cotirain + COStsupgrade +#FTEs - Costrre 4)

Here, Cost,, ft and Costy,,,; designated costs related to procurement of software and hardware
whereas Costs;grde stands for maintenance costs and upgrades. Costpre is, as usual, the annual
cost of a full-time equivalent while Costy,4;, is the cost of related trainings. The concepts of design,
implementation, verification, validation, accreditation, and employment are embodied within Costrrg.
For the sake of simplicity, we have assumed that FTEs in M&S have the same cost.

Table 1. Cost description for prescriptive and descriptive models.

Upfront Costs Recurring Costs

Design, Implementation, Verification, Validation,

Descriptive o J
p Accreditation, Training, Procurement

Employment, Upgrades

Design, Implementation, Verification, Validation,

Prescriptive .
p Training, Procurement

Employment, Design, Temptation

It is also interesting to visually look at the evolution of cost in time. A linearized picture for both
prescriptive and descriptive models is shown in Figure 4. The figure depicts how the temptation point
acts as a bifurcation for cost expansion or contraction and how exogenous interventions can act as cost
saving mechanisms.

Temptation point

Descriptive

Prescriptive

Time

Figure 4. Linearized cost vs. time plots for prescriptive and descriptive models.

Risk associated with M&S has been well documented. In general, M&S risk comprises (i)
accuracy, (ii) descriptive realism, (iii) uncertainty and (iv) applicability; each of these components is
defined below:

1. Accuracy is defined as the degree to which the predictions are correct (formally, accuracy is
defined with respect to a particular norm.).

2. Descriptive realism refers to the degree that a model predicates upon “true” principles [28].
3. Uncertainty refers to the confidence on outputs, given that some aspects are unknown.
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4. Applicability accounting for the potential that the exploitation of the model for the envisioned
purpose falls short, because the investigated/modeled phenomena do not govern the system in
the a priori expected manner.

Each of these components may be viewed as a normalized function that takes values in the range
[0, 1]. For accuracy and descriptive realism, zero and unity denote the minimum and maximum values,
respectively and the converse is true for uncertainty. We can therefore define the novel aggregate
measure of acceptability according to the following formula:

Acceptability = 1 Accuracy + Descriptive realism + (1 — uncertainty) + Applicabilit (5)
ep Y=3 Y P Y pp Y

where L is labor (FTEs + training) and C is physical capital (hardware/software) and 4, b are elasticities
with a +b < 1. Acceptability takes values in the range [0, 1]; an idea M&S exercise would have 1
accuracy, 1 descriptive and 0 uncertainty thus giving acceptability its maximum value: Unity. (One can
go a step further and consider a weighted sum of accuracy, descriptive realism and uncertainty.
This preferential aggregate would then reflect a heterogeneous prioritization). For practical purposes,
acceptability assumes values in the open range (0, 1). Indeed, even at the start of a modeling effort it is
unlikely to expect zero acceptability and reaching unity is typically utopic. We take our analysis a
step further and link acceptability to cost. To do so, we consider acceptability as an asset and thus the
outcome of a production function. To fix ideas, we postulate that the production function follows a
Cobb-Douglas form and thus acceptability obeys the following equation:

Acceptability = = (Accuracy + Descriptive realism + (1 — uncertainty) + Applicability) = L°C*  (6)

R

where L is labor (FTEs + training) and C is physical capital (hardware/software) and 4, b are elasticities
witha +b < 1.

Proponents of M&S typically invoke time as a competitive advantage. However, the required
time for M&S depends on the complexity of the problem in hand and the evolving technology and
know-how. Figure 5 portrays the trends of time versus complexity for the past decades. As expected,
evolution in hardware/software and physical modeling itself pushes the curve in a southeast direction.
However, despite this rather robust shift, time remains an exponential function of complexity.

3

Time

4the trai®

©On boar

Complexity
Figure 5. Qualitative assessment of required time for M&S. The numbers represent the decades.

Mathematically, progress increases the part of the curve that can be accurately linearized.
This domain is labeled “on board the train” to emphasize that in this area one takes advantage of
the accumulated advancements. It is in this zone where time and complexity correlate in a favorable
manner. On the right of the “on board the train zone” is the “push the frontiers zone” where a linearized
curve changes slope and no longer provides an accurate fit. Here is where innovation mostly occurs.
Risk aversion dictates the avoidance of the purely exponential region and the focus on the “push the
frontiers” one.
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We can further quantify the time required for M&S. Our starting point is the observation that
aggregate time required for a M&S exercise can be written as the following sum:

Tiotal = Trmoder + Tdigitizutinn + Tsimulation + Tinrerpremtion 7)

where Tyoget, Taigitization, Tsimulations Tinterpretation designate the time needed for the development
of a model, digitization of equipment, numerical simulation, post-processing and interpretation.
An order-of-magnitude analysis can be used to provide some estimates which are reported in Table 2.

Table 2. Order-of-magnitude analysis of required time for M&S per component.

Time

Required Tnodel Taigitization Tsimulation Tinterpretation
~DAYS Reuse Reuse Low & mefilum No post-processing required
complexity
~WEEKS Reuse/discover Digitize existing system Detailed CFD Meticulous post-processing/big data
~MONTHS Develop Design & digitize system Industrial scale CFD N/A

We remark that in the case of first time used or newly developed models, T},04,; accommodates
the validation phase as well. Experience has shown that, within pharma, this phase can be quite
elongated, as it often involves a chain of actors from non-scientific departments. Thus, one should not
underestimate such exogenous factors when drafting (or predicting) time schedules.

3. An Investor’s Approach to M&S

With all the above in mind, we can again call upon our investor, budget owner Mr. X who,
correctly or not, has already invested in a M&S team for some time now, being aware of the uncertainty
that dominates this decision. Mr. X has now to harvest the results of the investment and needs to
define a payoff measure. For a quantitative assessment, Mr. X has to attribute a set of relevant metrics
to the corresponding outcomes. This set of metrics will be decomposed into monetary metrics and
performance metrics. The need (or rationale) behind this decomposition is as follows. The overall
investment has had but a short life and aims in implicitly increasing the net revenue per employee by
enhancing the competences that employees have at their disposal. This is not an instantaneous process
as Figure 1b asserts. In this respect, Mr. X should keep track not only of monetary payoffs but also of
intangible metrics that evaluate the integration of M&S alongside existing R&D practices.

3.1. Monetary Metrics

The first bottleneck is the identification of gains or equivalent the payoff. Three monetary metrics
appear as the most prominent candidates: Cost savings, cost avoidance and increased revenues.
Formally, they are defined as follows:

1. Cost savings = Cost with M&S—Cost without M&S
2. Cost avoidance = Cost of unnecessary/harmful decision.
3. Increased revenues = profit due to changes in margins or production capacity.

Each of the above monetary metrics can have a single or permanent impact on the sector.
Cost savings has a single impact because it refers to gains that do not affect permanently the production
capacity and/or revenue. For instance, they may refer to cost savings in a project that failed and
never reached production. Cost avoidance has also single impact. It concerns multi-lemmas that
once resolved it is for permanent; for example, consider the case where a company needs to decide in
favor of one type of instrument vs another. Finally, increased revenues have permanent impact in the
corporation. This is a result of M&S permanently affecting the profit margin. (Calculating the above
metrics in practice is easier said than done and the typical example is that of knowledge-build projects).
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Having collected the required data, Mr. X proceeds to compute a time-dependent return on
investment as follows. Consider a time interval [ty, ;] uniformly discretized into time instances t;
such that t; —t;_1 = At = constant. At can assume any value, e.g., a month. For each t; calculate the

M&S cashflow:
CMS(t;) = Cost savings(t; — ;1) + Cost avoidance(t; — t;_1)

~+Increased revenues(t; — t;_1) — Investment cost(t; — i1 )

®

Cost savings(t; — ti—1) denotes the costs savings during the period t; — t;_1 and the same applies
for the other components. Consider that CM5(t;) have been measured from ty = 0 until present
tpresent = KpresentAt. Then, let Npyyoj > 1 denote the number of projects that M&S personnel have been
working on during this time. Each project has an anticipated duration of T; = K; At, withj = 1,..., Nyy;
and T; > tpresent Vj and is expected to induce an internal rate of return (IRR) IRR i which is a solution
to the following;

E(C¥(t:))
NPV = =0 )
Z (1+IRR; )

and obeys the following inequality:
IRR; > RRR (10)

In the above relations, E(C;"t(ti)) stands for the expectation of the total cash-flow of project j at
time instance ¢; while RRR is the required rate of return which stands for the minimum accepted rate
that renders the investment rationally possible. (This is a rather traditional approach. Alternative
methodologies that use the real option value such as the Datar-Mathews method, and incorporate risk,
may be also utilized) [29].

Next, Mr. X applies a Bayesian inference of the time-series Cps(t;), as duly demonstrated in
Figure 6, and calculates stochastic predictions for the evolution of cashflows from t = tpresent + At
until Ty0r = max{Tj} = KjuxAt. Thus, Mr. X obtains a spatio-temporal probability distribution that
assigns to each possible Cjss(t;) a probability. Then, probabilistic estimates of the IRRys of the M&S
investment can be computed according to;

K"Xﬂ)‘ C 1
NPVys =Y. _Cust) o p(RRy) = p (11)
=0 (14 IRRys)'

for all possible outcomes enveloped by the Bayesian inference and a graph, like the one reported in
Figure 7 displaying predicted IRR s against probabilities, can be constructed.

Bayesian
Inference
cone

Cus(ti)
*

*

to tl ty t3 ty tpresent

Figure 6. Hypothetical data points of Cps(t;) vs. time, shown with #, concatenated with Bayesian inference.
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Probability

N\

N

IRRys

Figure 7. Predicted IRRys values vs their probability for three hypothetical cases resulting in three
different probability distributions.

Next, a lower limit of acceptance (LLA) for the investment is developed. Assume that IRRy;s ~
N (y, 07'). Ostensibly, one could equate LLA with the expected rate of returns RRR. However, we propose
a modification so that the degree of diffusion of M&S within the organization is captured. The diffusion
of a new technology can be satisfactorily described via a sigmoid function (t) = ﬁ (The parameter
0 determines the time needed for M&S to completely diffuse, i.e., at which point where the function
equals unity. It can be estimated with the help of the intangible metrics of the next section. Other more
elaborate and asymmetric functions may also be considered.). Then, a reasonable lower limit of
acceptance at time ¢; is as follows:
LLA(t;) = S(t;)RRR (12)

We can reconcile the stochastic nature of IRRys with the risk aversion of Mr. X and Equation (12)
as follows. We assign to Mr. X a CARA (constant absolute risk aversion) utility function u(x) = 1 —e¢™4%
with A being the known risk aversion coefficient, that can be estimated via the methodology of [30],
and we recall the budget of M$. Consider the portfolio allocation problem with one risky asset
(investment on Mé&S) with random return IRR)s and a riskless asset with fixed return LLAps(Tiax)-
Under rationality, we can explicitly solve this two-asset (one risky and one riskless) portfolio allocation
problem, see for example [31]. This solution asserts that that recourses should be allocated if and
only if;

u> LLAMS(Tmux) (13)

and that the optimal degree of allocation obeys the following condition:

u—= LLAMS(Tmax) ) l

Murc —
MS 0?2 A

(14)

Equations (13) and (14) have practical implications. First, Mr. X determines whether (13) is
satisfied. If yes, then given M;$ have already been invested in M&S, Mr. X can solve (14) in terms of
the expected return i/, run a sensitivity analysis for 6> and end up with a range of values [#zow, yhigh].
Then, Mr. X can compare how well the predictions compare to their realizations, or equivalently where
u lies in the range [ylow, .Uhigh]-

This is a decision tree with two negative outcomes. First, the realized expected return y is lower
than the lower acceptable limit, i.e., inequality (13) is violated. Thus, the overall investment rates are
unfavorable. As the distribution of IRR s is calculated based on Bayesian inference, it is updated as
soon as new data enter the system. Therefore, one should re-evaluate the overall investment at time
instances t; > tpresent and check if violation of inequality (13) is an artifact or not (the generation of
monetary gains might come with a (random) time delay). The second negative outcome concerns
Equation (14) and the range [‘ulm, ,Uhigh]- If 4 < Uy then the investment in M&S is still worthwhile
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but the expected return is probably overestimated. By contrast, if p > ;e then the investment
outperforms expectations.

3.2. Diffusion-of-Innovation Metrics

Diffusion-of-innovation metrics help our investor, Mr. X, to make better informed decisions
when making assessments. The authors of [32] proposed a notoriously high (over 200) number of
metrics that constitute assessment criteria of how well modeling and simulation is deployed within
the US Department of Defense. Therefore, to a first approximation, this pool of metrics can used for
the selection of diffusion-of-innovation metrics that pertain to our case. Of course, it is not only the
impractically large number that renders our task challenging but also the fact that several of these
metrics are bespoke to the army needs. By merging and redefining available metrics, so as to fit
the pharmaceutical world, we have arrived at the following seven (7) performance related metrics,
delineated in Table 3 alongside their numerical value.

Table 3. Diffusion metrics and their numerical value.

Name of Metric Numerical Value (s)
Awareness Relative frequency of different projects utilizing M&S
Coordination Relative frequency of M&S duplicate activities avoided
Congruity Relative frequency of M&S clients correctly interpreting/understanding the results
Guidance Relative frequency of M&S users conforming to existing standards
Proactivity Relative frequency of (early) decisions made by M&S
Empowerment Relative frequency of M&S decision makers attending key meetings
Foundation Relative frequency of foundational competencies covered

As the numerical values increase and approach unity so does the integration of M&S in R&D.
The numerical values of the metrics s;, i = 1,...,7 are functions of time, i.e., s; = si(t j) where the values
tj conform to the previous section discussion. Next, consider the sigmoid function ﬁ which has the

. . . Kopres .
diffusion rate as a free parameter, 6. Also, consider the sum % Y L‘; ot si(t /). If the sum of the metrics

provides a satisfactory description of the diffusion of M&S in R&D, then it is reasonable to consider the
following approximation:

ﬁ ~ ; Z;(ZSSM Si(t]') +u (15)

whereu = N (0, aﬁ) is a white noise term to reflect the fact that the diffusion process is associated with a
certain degree of randomness and can be amenable to random shocks (depending on the strategy that
leadership has developed, the diffusion metrics could be assigned a weight (t J-) with wq (t j) + wz(t j) +

et W6(t j) = 1; note that the weights are also functions of time to reflect reprioritizations and changes
in strategy). Then, the constant 6 may be estimated via simple regression from the above equation and
directly utilized in Equation (12) of the previous section.

4. Conclusions

Process modeling is gradually gaining momentum within the pharmaceutical industry.
This inevitably attracts attention from higher management and onsets the discussion of cost-benefit
analysis and investment decisions. This paper has examined process modeling from the investor’s
point of view.

We have commenced by examining whether current practices conform to a value-based decision
process by using an informed investor as the decision maker. Further, topics like cost, risk and
execution time for M&S exercises have also been thoroughly discussed and, wherever possible,
mathematical expressions for their description have been introduced. We subsequently proceeded
to the development of an easy-to-use methodology that can help an investor evaluate investment
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on M&S that encompasses both monetary and diffusion-of-innovation based aspects. The proposed
methodology builds upon a classical discounted cash flow analysis, infused with elements of Bayesian
inference, while accommodating a sigmoid-description of diffusion of innovation for the calculation of
lower expected returns. Via the introduction of a set of seven intangible metrics we were also able to
quantify the rate with which M&S diffuses within the organization thereby rendering the proposed
methodology tractable.

In the present study, we have limited ourselves to the theoretical presentation of the mathematical
model were emphasis has been placed on clarifying ideas and concepts. A natural next steps involves
exercising the proposed model with either real or simulated data and ideally with both. This step that
we intend to pursue as a follow up to this work will play a pivotal role in assessing the predictive
capacity of our methodological framework and underlying possible weaknesses that need mitigation.

This concept paper comprises different components that can collectively assist with the difficult
task of evaluating M&S. However, herein, we have restricted ourselves to the illustration of these
ideas without emphasis on their connectedness. Consequently, a further direction of future research
concerns the unification of all ideas presented herein in an umbrella framework.

Author Contributions: C.V.,, M.v.S., S.D. and A.P. were involved in the design of the study. All authors were
involved in drafting the manuscript or critically revising it for important intellectual content. All authors approved
the manuscript before it was submitted by the corresponding author.

Funding: This research received no external funding.

Acknowledgments: The authors would like to thank the anonymous reviewers for valuable remarks and
suggestions that have substantially improved the quality of the manuscript. Moreover, we thank S. J. E. Evans,
N. Giannelos, A. Khan, U. Krause, G. De Lannoy, M. Sanders and M. Vasselle for fruitful discussions and remarks.

Conflicts of Interest: All authors have declared the following interests: All authors are employees of the GSK group
of companies. S.D. and A.P. report ownership of shares and/or restricted shares in the GSK group of companies.

References

1. Petrides, D.P,; Koulouris, A.; Lagonikos, P.T. The Role of Process Simulation in Pharmaceutical Process
Development and Product Commercialization. Pharm. Eng. 2002, 22, 56—65.

2. Garcla-Mufioz, S.; Luciani, C.V,; Vaidyaraman, S.; Seibert, K.D. Definition of Design Spaces Using Mechanistic
Models and Geometric Projections of Probability Maps. Org. Process Res. Dev. 2015, 19, 1012-1023. [CrossRef]

3. Aboud, L.; Henry, S. New Prescription for Drug Makers: Update the Plants. Leila Aboud & Scott
Henry. The Wall Street Journal. 3 September 2003. Available online: https://www.wsj.com/articles/
SB10625358403931000 (accessed on 4 September 2019).

4. Rogers, A.; lerapetritou, M. Challenges and opportunities in modeling pharmaceutical manufacturing
processes. Comput. Chem. Eng. 2015, 81, 32-39. [CrossRef]

5. Muzzio, EJ.; Shinbrot, T.; Glasser, B.]. Powder technology in the pharmaceutical industry: The need to catch
up fast. Powder Technol. 2002, 124, 1-7. [CrossRef]

6. McKenzie, P; Kiang, S.; Tom, J.; Rubin, A.; Futran, M. Can pharmaceutical process development become
high tech? AICKE ]. 2006, 52, 3990-3994. [CrossRef]

7. Reklaitis, G.V.; Khinast, J.; Muzzio, F. Pharmaceutical engineering science—New approaches to
pharmaceutical development and manufacturing. Chem. Eng. Sci. 2010, 65, 4-8. [CrossRef]

8.  Eberle, L.G; Sugiyama, H.; Papadokonstantakis, S.; Graser, A.; Schmidt, R.; Hungerbiihler, K. Data-driven
Tiered Procedure for Enhancing Yield in Drug Product Manufacturing. Comput. Chem. Eng. 2016, 87, 82-94.
[CrossRef]

9. Casola, G.; Siegmund, C.; Mattern, M.; Sugiyama, H. Uncertainty-conscious methodology for process
performance assessment in biopharmaceutical drug product manufacturing. AIChE |. 2018, 64, 1272-1284.
[CrossRef]

10. Van Bockstal, P.J.; Mortier, S.; De Meyer, L.; Corver, J.; Vervaet, C.; Nopens, I.; De Beer, T. Mechanistic
modelling of infrared mediated energy transfer during the primary drying step of a continuous freeze-drying
process. Eur. |. Pharm. Biopharm. 2017, 114, 11-21. [CrossRef]

176



Processes 2019, 7, 596

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.
28.
29.

30.

31.
32.

Kornecki, M.; Strube, J. Accelerating Biologics Manufacturing by Upstream Process Modelling. Processes
2019, 7, 166. [CrossRef]

Metta, N.; Ghijs, M.; Schifer, E.; Kumar, A.; Cappuyns, P.; Van Assche, L; Singh, R.; Ramachandran, R.;
De Beer, T.; Ierapetritou, M.; et al. Dynamic Flowsheet Model Development and Sensitivity Analysis of a
Continuous Pharmaceutical Tablet Manufacturing Process Using the Wet Granulation Route. Processes 2019,
7,234. [CrossRef]

Chatterjee, S.; Moore, C.; Nasr, M. An Overview of the Role of Mathematical Models in Implementation of
Quality by Design Paradigm for Drug Development and Manufacture. Food Drug Adm. Papers 2017, 23.
Matsunami, K.; Miyano, T.; Arai, H.; Nakagawa, H.; Hirao, M.; Sugiyama, H. Decision support method
for the choice between batch and continuous technologies in solid drug product manufacturing. Ind. Eng.
Chem. Res. 2018, 57, 9798-9809. [CrossRef]

Rantanen, J.; Khinast, J. The Future of Pharmaceutical Manufacturing Sciences. . Pharm. Sci. 2005, 104,
3612-3638. [CrossRef]

Gernaey, K.V.; Woodley, J.; Sin, S. Introducing mechanistic models in Process Analytical Technology education
(Research Highlight). Biotechnol. ]. 2009, 4, 593-599. [CrossRef]

Deloitte Center for Health Solutions. A New Future for R&D? Measuring the Return from Pharmaceutical
Innovation; Deloitte Centre for Health Solutions: Deloitte, UK, 2017.

DiMasi, J.A.; Hansen, R.W.; Grabowski, H.G. The price of innovation: New estimates of drug development
costs. J. Health Econ. 2003, 22, 151-185. [CrossRef]

Grabowski, H.; Vernon, J.J. A new look at the returns and risks to pharmaceutical R&D. Manag. Sci. 1990,
36, 804-821.

David, E.; Tramontin, T.; Zemmel, R. Pharmaceutical R&D: The road to positive returns. Nat. Rev. Drug Discov.
2009, 8, 609-610.

Carter, J., III. A Business Case for Modeling and Simulation; SPECIAL REPORT-RD-AS-01-02; Aviation and
Missile Research, Development, and Engineering Center: Redstone Arsenal, AL, USA, 2001.

Oswalt, I; Cooley, T.; Waite, W.; Waite, E.; Gordon, S.; Severinghaus, R.; Feinberg, J.; Lightner, G. Calculating
Return on Investment for U.S. Department of Defense Modeling and Simulation; Defense Acquisition Univ. ft.
Belvoir VA: Fort Belvoir, VA, USA, 2011.

Brown, D.; Grant, G.; Kotchman, D.; Reyenga, R.; Szanto, T. Building a business case for modeling and
simulation. Acquis. Rev. Q. 2000, 24, 312-315.

Smith, J.M. A Business Case for Using Modeling and Simulation in Developmental Testing; Thesis Naval
Postgraduate School; Storming Media: Washington, DC, USA, 2001.

Gordon, S.; Oswald, I.; Cooley, T. Why Spend One More Dollar for M&S? Observations on the Return of
Investment: Discipline, Ethics, Education, Vocation, Societies, and Economics. In The Profession of Modeling
and Simulation; Chapter 14; John Wiley & Sons: Hoboken, NJ, USA, 2017.

Glass, H.E.; Kolassa, E.M.; Muniz, E. Drug development through modeling and simulation-The business
case. Applied Clinical Trials. 25 July 2016. Available online: http://www.appliedclinicaltrialsonline.com/drug-
development-through-modeling-and-simulation-business-case (accessed on 4 September 2019).

Rogers, E. Diffusion of Innovations, 5th ed.; Simon and Schuster: New York, NY, USA, 2003.

Meyer, W.J. Concepts of Mathematical Modeling; McGraw-Hill Book Company: New York, NY, USA, 1984.
Mathews, S.H.; Datar, V.T; Johnson, B. A practical method for valuing real options. J. Appl. Corp. Financ.
2007, 19, 95-104. [CrossRef]

Babcock, B.A.; Choi, E.K.; Feinerman, E. Risk and probability premiums for CARA utility functions. J. Agric.
Resour. Econ. 1993, 18, 17-24.

Back, K.E. Asset Pricing and Portfolio Choice Theory; Oxford Univeristy Press: Oxford, UK, 2017.

AEgis Technologies Group. Metrics for Modeling and Simulation (M&S) Investments; Naval Air Systems
Command Prime Contract No. N61339-05-C-0088; The Aegis Technologies Group, Inc.: Huntsville, AL,
USA, 2008.

® © 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution
BY

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

177






MDPI
St. Alban-Anlage 66
4052 Basel
Switzerland
Tel. +41 61 683 77 34
Fax +41 61 302 89 18

www.mdpi.com

Processes Editorial Office
E-mail: processes@mdpi.com
www.mdpi.com/journal/processes







MDPI

St. Alban-Anlage 66
4052 Basel
Switzerland

Tel: +41 61 683 77 34

/
Fax: +41 61 302 89 18 mI\D\Py
/

www.mdpi.com ISBN 978-3-03928-425-2



