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Abstract of Praxis

Optimizing Decision-Making for Regulatory-Driven Product Reformulation

The product development domain is a heavily researched field focusing on
optimization of product, time-to-market, or process. Product reformulation is a subset of
the product development domain that narrows in on substituting a component (or
components) of the product to satisfy a new need. Adhering to regulatory requirements is
paramount for any industry, however, of particular concern is the industrial chemical
industry.

The industrial chemical industry is constrained by regulations imposed on the
chemicals they produce, and/or utilize as a component of an overall product to support
customers’ needs. The increased focus on health and environmental safety factors of
chemical use has put more scrutiny on analyzing chemical safety; however, little research
has been conducted to incorporate new regulatory prioritization processes in an optimized
product reformulation analysis tool.

The objective of this research is to fill the gap by creating a framework that
combines an established model for product development analysis and the latest EPA
chemical prioritization process into a framework that will optimize alternative selection by
applying multi-criteria decision-making methods.

This research demonstrates that incorporation of the existing regulatory chemical
prioritization process, and estimated time-to-market values into a TOPSIS model provides
an improved method for alternative selection using an agricultural product (emulsifiable

concentrate crop protection) reformulation as a case study.
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Chapter 1: Introduction

1.1 Background

Products from chemical manufacturers are ever present in everyday life. Singular
molecules or combinations of molecules are used across medical, agriculture, personal
care, cosmetics, fashion, and other industries to enhance human experience. Chemistry
permeates life and can either aid or detract from well-being, depending on assessing risks
to humans and the environment (Environmental Protection Agency, 2024).

Chemical producers typically have large Research & Development (R&D)
departments with the purpose of creating new products from a single chemical or mixture
of chemicals to generate revenue (Taifouris et al, 2021). The manufacturers pursue product
development to generate solutions that address consumer and industry needs while
generating profit. This process requires balancing product quality, compliance with
governmental regulations, and ensuring health and environmental safety both for workers
and consumers.

Optimization and efficiency are key tenets for industrial chemical manufacturing,
as small changes can have large impacts on the organization and profits (Calantone et al,
2014). The use of optimization techniques is not just limited to production processes but
also work procedures and product development initiatives via Multi-Criteria Decision-
Making (MCDM) methods (Youssef & Webster, 2022).

The chemical industry has undergone numerous changes and focuses, but more
recently, increased focus and pressure have been on sustainability and minimization of

hazardous chemicals; chemicals that pose a threat to human health, safety, and the



environment (Environmental Protection Agency, 2024). The recent update to the Toxic
Substances Control Act (TSCA) now requires the Environmental Protection Agency (EPA)
to conduct reviews of existing chemicals and evaluate the potential to cause harm to the
public (Watnick, 2019). This amended regulation presents a challenge to manufacturers
and formulators, as numerous chemicals need to be classified and have the potential to be
restricted or banned based on the EPA’s evaluation (Watnick, 2019).

In Figure 1, a proposed mapping of key elements of the EPA chemical evaluation

timeline is presented over a simplified product reformulation decision chart. A linear

i
| Identification i i Chemical i { Chemical |
i of Candidate | | Classification | i Restricted |
! Chemical | ! Change | ' Use |
] COEEE—— -]
Launch New
Product
Ref \ati [ Product
eformulation (Redesigne)
&
-
Existing N Reform- Launch New
Product ulate Product | | ] Product
2 Reformulation (Redesigned)
>
E Continue
Sales of Adapt/
Existing Pivot
Product
[=] .
=z Continue Sales Product Cannot
of Existing b d
Product € so
9 Months (min) - 12 Months (max)
Priority Classification Evaluation 3.5 years (max)
Risk Evaluation

Figure 1. Layered EPA Chemical Evaluation & Product Reformulation Timeline.

timeline is shown, with three key milestones set as a representation of the EPA’s chemical
assessment steps. As shown, it can take up to four and a half years to obtain a chemical
restriction ruling from the time a chemical is identified as a candidate chemical. How does
a company develop products with this unknown selection process and evaluation timeline?

Can a company be proactive and reformulate existing products with an alternative



chemical? What if that reformulated product alternative chemical is evaluated after
bringing it to market?

This research aims to develop a framework for incorporating regulatory changes in
chemical classification into an MCDM model for product reformulation for use in the
industrial chemical sector.

1.2 Introductory Concepts

Creating a framework to assess options for product reformulation in the industrial
sector requires understanding elements of product development, regulatory implications,
challenges, and decision-making methods. Product reformulation is an extension of
product development and can be considered an iteration that improves or expands on a
component of the original product. In the following sections, a brief explanation of key
concepts from each element is presented, along with an illustration of how they can be
combined to create a comprehensive framework.

The presented order aligns with the sequencing for the framework methodology
presented in Chapter 3. Initially, a review of the EPA Chemical Prioritization process and
its associated outcomes for chemical risk mitigation educates the reader on the regulatory
aspects that will be included in the model development. Background on product
development is provided to anchor key principles in this area and then present how those
principles can be aligned with product reformulation. Product development will focus on
generating an assessment of the time-to-market criterion used in the model. Finally, an
overview of MCDM methodologies will provide insight into the selected method and

criteria used for framework development.



1.2.1 Environmental Protection Agency / Regulatory Environment

The EPA was established in 1970 in response to growing public concern in the
United States about air quality, water quality, pollution, and the contamination of natural
areas (EPA, 2024). Shortly after its founding, in 1971, the agency restricted the use of lead-
based paints, which were identified as a cause of developmental challenges for children
(Jacobs & Brown, 2023). This restriction was one of the first implemented by the agency
and required companies to reformulate their products to comply with the law. As the agency
grew in its evaluation activities, restrictions came on leaded fuel (1973) and pesticides
(1975) due to the direct threat to public health, and as a cause of cancer, respectively (EPA,
2024). In October of 1976, the TCSA was signed to “curtail environmental and health risks
posed by the growing number of synthetic and organic chemicals in consumer products
and environment” (EPA, 2024).

The safety evaluation of existing chemicals under TSCA involves determining
whether a chemical presents an unreasonable risk to human health or the environment. This
process consists of three steps: Prioritization, Risk Evaluation, and Risk Management
(EPA, 2024). There are currently 42,377 active chemicals in the non-confidential TSCA
Inventory list, with 90 industrial chemicals listed for evaluation based on the TSCA Work
Plan for Existing Chemicals (Bergeson, 2020).

1.2.2 Product Development

Success and profitability of a company depend on the products it brings to market
(Yassine & Souweid, 2023). Product development at its core is a series of activities that a
company must complete to provide a repeatable, reliable, and quality good to be used by

consumers or industries. The main components include “identifying a market need,



conceptualizing a solution and the product itself, product development, launching the
product, and collecting feedback™ (Lourengo et al, 2024).

The process of product development creates tasks from the previously mentioned
components that need to be methodically executed in a repeatable manner, which brings
efficiencies to market the product to customers (Stanko et al, 2012). Companies typically
follow a stage-gate method, where activities are collapsed into broader categories, also
known as stages: Concept Development, System Design, Detailed Design, Testing and
Integration, and Marketing (Yassine & Souweid, 2023).

There have been numerous research studies in the area of product development,
which include understanding the impact of key steps in the process and how they relate to
time-to-market, generating profits, and competitive differentiation (Calantone et al, 2014).
1.2.3 Challenges to Product Development

In product development and reformulation (iterative) activities, component
selection plays a pivotal role in determining the performance and quality of the final
product. For industrial products, those components, typically chemicals, have the potential
to impact human health and safety for workers and consumers alike (EPA, 2024). The EPA,
TSCA, and LCSA were implemented as a means of protection; however, rulings that
restrict or ban certain chemicals present challenges for product development and
reformulations (U.S. Department of the Interior, 2024). Davies detailed the adverse effects
of regulation on new product developments under the manufacturing notification process
of TSCA (Davies, 1983). Additionally, it has been pointed out that the success of the
regulatory agency in achieving its goals does not align with the mission or value creation

of the firm it is regulating (Eads, 1979).



The EPA’s effort to prioritize existing chemicals for risk evaluation creates
challenges for industrial product formulators and manufacturers, as they face uncertainty
regarding potential classification changes that could restrict or ban the production and use
of certain chemicals. This evaluation and prioritization strategy adds complexity to
reformulation efforts in product development, as the future classification status of
alternative chemistries remains uncertain if they have not yet been evaluated by the agency
(Bergeson, 2020).

1.2.4 Decision-Making Mechanisms and Product Development

In the product development domain, numerous research activities have occurred in
understanding time-to-market and associated tradeoffs (Bayus, 1997). Subsequent studies
have expanded on this work to incorporate additional components of quality and
complexity (Yassine & Souweid, 2023). Understanding that the desired product needs to
meet certain quality and customer specifications yields multiple decisions and pathways to
consider. This type of iterative process, with its many options, would benefit from the
ability to analyze multiple factors simultaneously to optimize outcomes.

To address this optimization, MCDM methods have been deployed in product
development activities to optimize the process and improve organizational performance
(Youssef & Webster, 2022). In the search for incorporating regulatory chemical
classification changes, limited research has focused on developing a tool or framework to
evaluate multiple alternatives for industrial product development reformulations driven by

regulatory requirements and classifications.



1.3 Research Motivation

In the field of product development, there has been extensive research on modeling
and optimizing the product development process (Cimatti et al, 2016). Many researchers
have studied the effect of time-to-market, complexity, and design time, along with their
relation to company success. Similarly, the field of MCDM has numerous applications for
finding the “best” alternative or grouping alternatives into sets (Aruldoss etal, 2013). There
has also been research in the combination of product development and MCDM (Youssef
& Webster, 2022). However, despite all this research, a comprehensive framework that
incorporates regulatory-driven product reform for decision-making purposes does not
exist.

Industrial product formulation is a multidisciplinary design problem that becomes

more complicated by the policies that government agencies enact (Taifouris et al, 2020).
The incorporation of the chemical prioritization strategy with a multi-criteria decision-
making model will yield a framework that enables the determination of the best alternative
for product reformulation activities.
1.4 Research Contributions

The contributions from this research will incorporate the EPA's prioritization
strategy and evaluation methodology into a generalized MCDM framework, providing
alternative rankings for product reformulations by incorporating key components of the
EPA's prioritization and risk evaluation process. Below are key contributions that this

research will deliver in creating the regulatory impact framework:



1. Development of a framework that integrates the current regulatory changes
and prioritization steps for existing chemicals under the amended TSCA risk
evaluation plan

2. Creation of an MCDM methodology that aids decision-makers in selecting
the best alternative chemical for product reformulation, considering both
regulatory and performance requirements.

3. Application of Monte Carlo simulations to verify the methodology and
evaluate the robustness of reformulation decisions, further strengthening the
framework's applicability to real-world scenarios and ensuring its resilience
to regulatory changes.

1.5 Problem Statement

Current EPA regulations restrict new and existing chemicals on a large scale, and
corporations' revenue may be impacted by millions or more if product development time
and performance tradeoff are not optimized.

The EPA’s authority to impose restrictions or bans on chemicals can significantly
impact product development activities for formulators and manufacturers. In 2024, there
were at least five rulings that banned the use of previously approved chemicals to varying
degrees, due to the agency’s designation of these substances as harmful to human health or
the environment (EPA, 2024). One of those chemicals is methylene chloride, which bans
production for consumer uses and has strict control for workplace protection implemented
by the agency. Alternative solutions must be identified to successfully reformulate products

that meet both quality standards and regulatory requirements.



1.6 Thesis Statement

A MCDM framework that integrates regulatory chemical classification change is
required to select the best chemical alternative for product reformulation.

This praxis proposes a Multi-Criteria Decision-Making (MCDM) framework that
integrates the EPA’s regulatory chemical classification system to identify optimal
alternatives for product reformulation. By incorporating chemical prioritization timelines
and Monte Carlo simulations, the model supports prescriptive, regulation-aware decision-
making in alternative selection.

1.7 Research Objectives

The research objectives are to combine key elements and attributes of the EPA
regulatory framework that attribute priority designations and risk mitigation options for the
chemical inventory register. Three key objectives are detailed below for this praxis:

ROI1: To identify and analyze the key factors that influence time-to-market for

product reformulation.

RO2: To evaluate how integrating EPA risk designations estimates into product

planning affects alternative selection

RO3: Investigate how including EPA chemical prioritization into MCDM optimizes

time-to-market by integrating risk evaluations into decision-making.

The above-mentioned research objectives will include a combination of modeling
and detailed secondary research, with a more detailed explanation presented in Chapter 3.
1.8 Research Questions and Hypotheses

To support these research objectives, the following research questions and their

associated hypotheses are presented for this research:



RQ1: What are the key factors that influence time-to-market for product
reformulation?

H1: Time-to-market is most influenced by the age of the chemical being utilized as
a replacement for the incumbent.

RQ2: What relationship does the incorporation of the chemical risk designation
have on alternative ranking?

H2: Inclusion of EPA chemical risk designation in MCDM models significantly
influences the ranking of reformulation alternatives under varying weighting
assumptions.

RQ3: What is the impact of incorporating regulatory chemical prioritization into
MCDM methods as a tool for optimizing alternative product selection?

H3: An MCDM framework that incorporates EPA prioritization and time-to-market
will outperform traditional MCDM methods in selecting optimal reformulation
alternatives.

Further elaboration of each research question and hypothesis is discussed in

Chapter 3.

1.9 Research Outline

The construction of this praxis begins with providing the necessary background in

the product development domain and regulatory work processes related to chemical

evaluations under the purview of the EPA. In Chapter 1, introductory concepts within

product development, the regulatory oversight provided by the EPA for consumer and

industrial products, and how their requirements can present challenges in product

formulations for industry are discussed. The chapter concludes with a thesis statement and
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associated research questions and hypotheses for incorporating MCDM methodologies as
a potential solution.

A survey of the existing body of knowledge related to the problem is covered in
Chapter 2, focusing on product development, regulatory implications, and analysis of
MCDM methods. A review of the existing literature will provide the intersection of key
concepts and identify gaps that this research aims to address through a proposed framework
for enhancing decision-making by incorporating regulatory criteria.

The construction of the framework tool for incorporating regulatory criteria into
industrial product reformulation is detailed in Chapter 3. This chapter outlines the
methodology for integrating time-to-market considerations, EPA prioritization, and risk
mitigation criteria into a TOPSIS model. The proposed methodology is applied in Chapter
4 through a case study focused on the agricultural chemical sector.

Case study results are presented in Chapter 5. The discussion will focus on the
evaluation and analysis of the research data using the model, addressing issues of validity
and sensitivity. Each research hypothesis will be examined and addressed, concluding the
chapter.

Finally, Chapter 6 will present conclusions based on the research objectives and
hypotheses, using case study results from the proposed prescriptive framework tool to
incorporate regulatory criteria into decision-making for optimal alternative selection in

industrial product reformulation.
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Chapter 2: Literature Review

2.1 Literature Review Storyboard

The literature review has been grouped into categories and presented as a
storyboard in Figure 2. This section of the praxis will detail each category, including the
major themes utilized in the research and development of the framework for reformulation
efforts based on regulatory changes. Sections 2.3 and 2.4 provide the necessary background
for understanding and creation of the inputs used in the TOPSIS model. Product
Development provides the input around time-to-market considerations, while Regulatory

Implications leverage existing workflows to estimate inputs for chemical regulations.

Research Storyboard
MCDM framework for Regulatory-Driven Product Reformulation

l
I | | | | |

) 2.5 ] 27
2.4 2.6 2.
22 23 Multi-Criteria . . . .
o 5  Trava . Regulatory et L Literature Review Literature Review
Introduction Product Development Implicatio Decision-Making Summa Contribut
mplications Methods summary ontributions
. ~
23.1 24.1 25.1
New Product TSCA/LCSA TOPSIS
Development Background
L
23.2 242
. Product EPA
Reformulation Prioritization
L
il
Time-to-market

Figure 2. Storyboard of literature review.

2.2 Introduction
This praxis aims to create a framework tool to aid in product reformulation
activities driven by regulatory changes by incorporating MCDM methodologies with

product development time-to-market models. The existing state of the literature and body
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of knowledge indicates there is little to no research that assesses the impact of regulatory
change on industrial chemical products, considering reformulation efforts.

The current literature pertaining to product development, regulatory implications,
and MCDM methods was reviewed to help in the creation of the MCDM framework. The
large overarching terms were further segmented into specific areas of focus as they relate
to creation of the framework, such as product development, where there are numerous areas
of focus (Lourengo et al, 2024). The segmented terms are ones particularly germane to
industrial chemical applications in product development, regulatory aspects, and selected
methodologies for MCDM.

2.3 Product Development

The process of creating and marketing a valuable product through interdisciplinary
activities is known as product development. As a field, product development is a vast
collection of nuanced modifications that focus on specific aspects of what it takes to
commercialize a product. The excerpt below from an article by Griftin (1997), details the
importance of product development:

“A firm is born by successfully commercializing one new product. To remain

profitably in business over the long term requires the firm to continue to develop and

commercialize additional successful products, or at a minimum keep re-developing

current products to meet customers needs better...” (Griffin, 1997)

Griffin goes on to discuss cycle times in product development, which is another
heavily researched sub-segment that plays into the overall time-to-market focus area of
product development.

In 1976, the Product Development and Management Association (PDMA) was

established as a membership organization comprising practitioners, academics, and service

providers, with a focus on product development (PDMA.org, 2024). PDMA has pioneered
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a multicomponent framework called Product Innovation Management, which comprises
two discrete parts: product design and product development. However, the framework also
acknowledges that the division between these two components is arbitrary and varies by
each organization (Anderson, McAllister, & Harris, 2024). For this praxis, the term
"‘product’ will be inclusive, encompassing product design.

The existing literature either focuses on the broad applications of product
development and its subcomponents, or narrowly focused activities in certain industries,
of which the industrial chemical industry as a whole has scant research. The research found
related to the industrial chemical industry was focused on green solvents and supporting
government regulations, or product design focusing on finance and planning (Hafezi &
Zolfagharinia, 2018; Bagajewicz, 2007). As this praxis is evaluating efforts in the industrial
chemical industry, additional literature review was conducted on the product design stage.
The chemical product design stage “aims to find a product [that] exhibits certain desirable
or specified behavior” (Conte, Gani & Ng, 2011). This formulation is accomplished by
combining a number of constituents (organic, inorganic, or synthetic) to generate desired
attributes (Martin & Martinez, 2013).

Formulation is a multidisciplinary process, that utilizes technology, laboratory
analytical methods, and mathematical models to predict the desired final product properties
(Taifouris et al, 2020; Mattei, Kontogeorgis, & Gani, 2013). Shown below in Figure 3, the
straight-line path details the attributes of the eventual formulated product from the
independent categorization of functional groups and how they are combined into a mixture.
The desired customer needs are integrated into the straight-line path in two areas: the

molecular design and the pooling problem (combination of mixtures that generate the
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designed end-use properties). Additional inputs of supply chain (availability) and process
characteristics are used as inputs for optimizing the formulated product based on a multi-

objective function.

[Environmental |
Needs and wishes of customers

| Multiobjetive function |

//,
/
1 ¥

Functional Molecular , ©AMD Inaredients Pooling , Mathematical | Formulated
group design EXPERIMENTAL 9 problem  optimization | product
' DATA . A L )
Supply chain ~
\ -
Process - PrGEESGGmRHANE]
* MINLP: Mixed Integer Nonlinear Programming “ _ _
NLP: Nonlinear Programming

Current Opinion in Chemical Engineering

Figure 3. Formulated product design stages (Taifouris et al, 2020).

Executing a process for product redevelopment (reformulation) is a cross-
functional effort, as alternative components need to be screened across different functions
(e.g., supply chain, safety, etc.). The best alternative based on product characteristics may
be detrimental from a logistics or cost standpoint, which is why there is abundant research
in all areas of product development (Product Development and Optimization, 2020). In
work by Cohen, Eliashberg, & Ho (1996), they detail the major steps of product
development to be: Concept Generation, Product Design, Engineering Analysis, Process
Analysis and Design, Prototype Production and Testing; however, they also aggregate the
steps into larger stages for ease of analysis (Cohen, Eliashberg, & Ho, 1996).

The stage gate model is one of the most widely used methods for managing the
various stages of product development, enabling organizations to detail functional
responsibilities and roles for each step of the product development process (Kazimierska
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& Grebosz-Krawczyk, 2017). In other work by Yassine and Souweid (2023), they utilize
an agile stage-gate model as a representation of the product development process. Figure
4 details the adapted product development process model: System Design, Detail Design,

Testing & Integration, and Marketing.

Tteration

Testing
System Design == Detailed Design > & m Marketing
Integration
Testing &
., System Design Detailed Design , Integration | Marketing .
Time Tg Time Tp Time T; Time Ty

Figure 4. Product Development process model (Yassine & Souweid, 2023).

This product development model will be used as the basis for this praxis and will
generate the time-to-market criterion used in the framework tool.
2.3.1 New Product Development

As a subcategory of the broader Product Development domain, New Product
Development focuses on bringing to market a product that is either new to the company or
industry. McNally (2011) notes that new product development is risky for an organization
due to high failure rates and capital expenditures (McNally et al, 2011). Colloquially,
failure rates for new product development have been generalized to be > 80%; however,
findings from the PDMA Foundation’s Comparative Performance Assessment Study
reframe the definition of failure rates in new product development (Castellion & Markham,
2012). Table 1 summarizes the findings of failure rates by industry of new product

development, including a 44% failure rate for the chemical industry. Research on the failure
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rates of new product development activities identified three main areas that impact success:
time, quality, and expense (McNally et al, 2011).

Table 1. New Product Development Failure Rate by Industry (Castellion & Markham,

2012).
Industry Percent Failure
Capital goods 35%
Chemicals 44%
Consumer goods 45%
Consumer services 45%
Healthcare 36%
Other materials 39%
Industrial Services 43%
Software & services 39%
Technology 42%

Of particular research interest in new product development are the elements of
product performance, quality, and reliability, as well as speed to market and their trade-offs
(Yassine & Souweid, 2023; Gao, Cui, & Cohen, 2020). The use of these elements have not
been applied in an industrial chemical application related to product reformulation;
however, this work aims to incorporate them as criterions for alternative selection.

2.3.2 Product Reformulation

Modifications to the product can be done to deliver an improved version of a
product or an alternative version of an existing product. This activity has many names; in
work by Wu and others (2009), it is identified as “reuse-redesign” while the work by Cohen
and team (1996) discuss the strategic benefits of “product replacement” (Wu, De Matta, &
Lowe, 2009; Cohen, Eliashberg, & Ho, 1996). The product reformulation, as will be

referenced in this praxis, is a categorical activity that focuses on changing one or multiple
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components of the originally designed product. Product reformulation falls under the
product design stage and plays a pivotal role in assessing the speed-to-market aspect of
product development (Cohen, Eliashberg, & Ho, 1996).

2.3.3 Time-to-Market

In new product development, time-to-market is the time from product ideation to
commercialization (Calantone et al, 2014). Time-to-market is a critical evaluation metric
that has been extensively researched, as faster product commercialization and market entry
can result in a competitive advantage; however, trade-offs are often associated with
optimizing for speed. (Calantone et al, 2014; Bayus, 1997; Chen, Reilly, & Lynn, 2005).
In work conducted by Stanko and team (2012), speed-to-market favors innovative products
and plays less of a role in the companies’ success with new products, while shorter
development times have a higher correlation to profit for low innovativeness development
activities for the firm (Stanko et al., 2012). Product reformulation can be considered a low-
innovativeness development.

The current literature landscape of time-to-market focuses on the development of
new products, especially in the technology space. Little research activity has been
completed on product reformulation in the chemical industry. In work presented by Griffin
(1997), an analysis of product cycle time, which is a subcomponent of time-to-market, is
challenging to address for formulated products due to several factors that impact
performance, such as team organization, process configuration, and project strategy

(Griffin, 1997).
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2.4 Regulatory Implications

In the United States, there are over 400 governmental regulatory organizations
established to protect citizens, businesses, and consumers (Federal Register, 2024).
Conducting business in the United States requires adhering to the policies specified by
these organizations. The agency of most concern for this praxis, the Environmental
Protection Agency (EPA), provides policies to protect human health and the environment
as it relates to the sale, use, disposal, and manufacture of chemicals. Failure to adhere to
the regulations can lead to civil and criminal penalties, with daily fines for each violation.
In 2025, the civil penalty for TSCA violations is $49,772 (maximum per day) according to
40 CFR Part 19 (EPA, 2024). In 2022, Monsanto Company was found to be guilty of
violating the Federal Insecticide, Fungicide, and Rodenticide Act (FIFRA) and the
Resource Conservation and Recovery Act and was sentenced to pay a criminal fine of $6
million and an additional $6 million for a community service fee.

The effect of regulations on the chemical industry's innovation, particularly in the
area of new product development, can be categorized into three distinct areas: industry-
level effects, company-level effects, and product-level effects, which influence market
concentration, Research and Development (R&D), and commercialization decisions,
respectively (Davies, 1983). There are also some benefits of regulations around product
innovation in the form of new markets, superior and less hazardous products, and products
needed to implement regulatory actions (Davies, 1983). Regulations have a unique duality;
it has been reported as being a problem and an opportunity, a “creator and destroyer of
business” (Eads, 1979). As an example, a product can undergo all the required screening

and validation of meeting current regulatory requirements and become commercialized,
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but as time passes, advances in technology or analytical developments can demonstrate
previously unknown hazards that can adversely impact the commercial viability of
products (Eads, 1979). Marketability is heavily influenced by the product’s compliance
with regulatory and governing agencies, and thus is the basis of this work; regulatory
changes to chemical classifications render formulated products to either cease to exist, or
reformulate. Regulatory implications and changes is a significant pillar of this research and
thus become a critical analysis criterion for model execution in alternative selection.
2.4.1 TSCA/LCSA Background

The Toxic Substances Control Act (TSCA) was signed in 1976 to mitigate potential
health and environmental risks associated with the proliferation of consumer products as
overseen by the EPA. The TSCA empowered the EPA to require in-depth reporting,
documentation, testing, and restrictions of chemical substances and mixtures, excluding
food, drugs, cosmetics, and pesticides (EPA, 2024). Compliance monitoring under TSCA
for the “New and Existing Chemicals” program was relegated to record keeping and
reporting of production, disposal, distribution, use, import, and export. In 2016, an update
to the TSCA occurred via the enactment of the Lautenberg Chemical Safety for the 21
Century Act (LCSA). This act amended TSCA and requires the EPA to review and define
a chemical’s risk within a set time frame (EPA, 2024). The LCSA amends section 6(h) of
TSCA by requiring the EPA to take “expedited regulatory action to address risks from
certain persistent, bioaccumulative and toxic (PBT) chemicals” (EPA, 2024). Under the
LCSA, there are now two methods for chemical review: one for new chemicals and one for
existing chemicals. The new law has requirements that new chemicals undergo a safety

analysis prior to commercialization, regardless of previous classified designations
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(Watnick, 2019). This new ruling is a central pillar in this research, as the proposed timeline
detailed in Figure 1 adds uncertainty for formulators and manufacturers.

For the existing chemicals, there is a review process to see if the chemical poses an
unjustified threat human well-being or nature and classify the chemicals for risk evaluation
and present a final ruling to “restrict the substance to the extent necessary so that the
substance no longer presents a risk” (Watnick, 2019). Figure 5 presents a visual
representation of the Risk Evaluation process for existing chemicals, which is leveraged in

the research.

Impose Restrictions to
Eliminate the
Unreasonable Risk

EPA determination of .
Risk Management

Risk Evaluation

Chemical designated
High-Priority
for Risk Evaluation

EPA determination of

Prioritization No Unreasonable Risk

Chemical designated
Low-Priority

Figure 5. EPA Risk Evaluation Process - Existing Chemical (EPA, 2024).

The first step in the existing chemicals evaluation process is prioritization of the
chemical. A review of the key properties, such as carcinogenicity, bioaccumulation, and
toxicity segments chemicals into High-Priority of Low-Priority substance designations.
The High-Priority substance designated chemicals undergo a risk evaluation that defines
either no unreasonable or unreasonable levels of risk. The final step is determining
mitigation strategies for unreasonable risk classified chemicals. This research focuses on
LCSA activities related to existing chemicals, as it leads to mitigation strategies of
formulation composition limits, restrictions, or banning chemicals in partial or all

applications and industries.
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2.4.2 EPA Prioritization
As detailed in the LCSA, the evaluation process for existing chemicals begins with
the review and selection of chemicals from the existing chemical inventory. Step one of the
chemical evaluation process is prioritizing chemicals as either high or low priority. The
priority designations help determine the need for a thorough risk evaluation, with a high-
priority classification requiring a formal risk assessment (EPA 20204). The definitions of
the priority designations are:
e High-Priority Substance: a chemical substance that the Administrator
concludes, without consideration of costs or other nonrisk factors, may present
an unreasonable risk of injury to health or the environment because of a
potential hazard and a potential route of exposure under the condition of use,
including an unreasonable risk to potentially exposed or susceptible
subpopulations identified as relevant by the Administrator (EPA, 2024).
e Low-Priority Substance: if the Administrator concludes, based on information
sufficient to establish, without consideration of costs or other non-risk factors,
that such substance does not meet the High-Priority standard (EPA, 2024).
A key aspect of the priority designation that should also be noted is that a revision of the
designation can occur for a substance initially identified with a low-priority classification,
which would require a restart of the prioritization process. This can occur with the advent
of new testing methods that test and identify previously unknown traits or characteristics
that occur with advances in technology and further present complications for product
reformulation (Eads, 1979). After the candidate chemical has been identified, a statutory

deadline of a minimum of nine, to a maximum of 12 months, shown in Figure 6, is

22



established for the agency to conduct the prioritization, screening, and required public

comment period before releasing the final priority designation.

High-Priority
Substance j
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of High-Priority Substance
90-day public 90-day public
comment comment \
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Substance

: Potential for Revision of :
Priority Designation

Figure 6. EPA Chemical Prioritization Flow Chart (EPA 2024).

The identification of chemicals that will undergo prioritization is based on the
EPA’s “A Working Approach for Identifying Potential Candidate Chemicals for
Prioritization” (EPA, 2024). In this document, the EPA has two approaches: a near-term
and a long-term approach. The near-term approach details that at least 50% of the chemicals
under risk evaluation come from the 2014 Work Plan, which originally detailed several
approaches and tools used for identification purposes, but the EPA is not bound by the
findings of the 2014 Work Plan. In addition to the prior work, the EPA will utilize the TSCA
Active Inventory to select chemicals for prioritization (EPA, 2024).

Three factors are used for chemical selection for prioritization: Priorities, Quantity
and Quality of Information, and Work Load. The priority factor considers chemicals based
on the current Agency agenda and priorities. Quantity and Quality of Information is
surveying and acquiring data that is currently available in an attempt to “screen out

information-deficient” candidates (EPA 2014 Work Plan, 2014). The last factor is

23



workload, as the EPA has limited resources, and a key component is the requirement of a
three-year deadline (plus a 6-month extension) for completion of chemical risk evaluation.

The long-term approach requires the development of a procedure and/or tool that
integrates information from new approach methods (NAMs), traditional studies, and 2014
Work Plan methods.

Additional characteristics related to candidate selection for the prioritization
process are chemicals that have persistence and bioaccumulation scores of three, are known
human carcinogens, or have high acute and chronic toxicity. Once the chemical candidates
have been selected, they are then published to the Federal Register, which initiates the 12-
month review period. A 90-day comment period is provided to receive public input, and
then an evaluation is conducted. A proposed designation is provided to the public with
another 90-day comment period. After the 90-day public comment period concludes, a final
priority designation is granted.

2.5 Multi-Criteria Decision-Making Methods

Decision-making in its simplest form can be relatively uncomplicated and
straightforward for binary applications. For decisions that have many options, analyzing
the selections and creating a repeated methodology to address decision optimization is
known as operations research (Triantaphyllou et al, 1998). Operations research has been
studied profusely and has also birthed sub-domains of MCDM, which focuses on
evaluations of alternatives against decision criteria (Triantaphyllou et al, 1998; Youssef &
Webster, 2022).

The classification of MCDM methods can be refined into two categories: single

models and hybrid models. The former is further subdivided into four additional branches,
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each with its unique models and is presented in Figure 7 (Pandey et al., 2023). The hybrid
models are combinations of at least two categories of single model types, such as Analytical
Hierarchy Process (AHP) and Technique for Order of Preference by Similarity to Ideal
Solution (TOPSIS). Hybrid MCDM models are used to overcome limitations of singular
models by evaluating tradeoffs for a more robust alternative prioritization and decision-

making framework (Rane et al., 2023; Ozgur et al., 2024).
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Figure 7. Classification of MCDM methods (Pandey et al, 2023).

Sahoo & Goswami (2023) identified five significant traits of MCDM methodology:

a systematic and structured approach, incorporation of multiple objectives and criteria,
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handling uncertainty and subjectivity, consideration of stakeholder perspectives, and a
wide range of applications (Sahoo & Goswami, 2023). Academic analysis of the use,
modifications, and applications of MCDM methodologies is extensive, as detailed by
Sahoo and Goswami (2023), which provides a comprehensive review. In contrast, the
review by Rane et al. (2023) focuses on MCDM methodologies for sustainable
development applications.

A selected list of the most used MCDM methodologies is shown in Table 2, along
with their advantages and disadvantages (Aruldoss et al., 2013).

Table 2. MCDM methods with their merits and demerits (Aruldoss et al., 2013).
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Researchers have surveyed the methods and provided an analysis of their pros and
cons; however, this analysis is always limited as there are frequent updates, modifications,
and advancements of the primary methodologies that are being introduced into academia
(Sahoo & Goswami, 2023). The overarching analysis of MCDM methodologies details that
while numerous alternatives and methods can be used to aid in the decision-making
process, some methodologies are used more than others, and dominate as the preferred
methods, such as FAHP and TOPSIS, for use in a wide range of industries (Aruldoss et al.,
2013).

Decision-making is essential across various industries, including healthcare,
automotive, environmental, and risk management enterprises. These fields rely on MCDM
to equip decision-makers with efficient tools for identifying the best alternative solutions
(Aruldoss et al., 2013). The use of MCDM applications extends to new product
development activities, which have large degrees of uncertainty, especially in project
screening and selection (Chiao, 2010). Additionally, the use of MCDM methods in the
product development and design stages, as shown in Table 3, provides their strengths and
weaknesses, but assists the decision-maker in identifying the optimal solution or alternative
based on selected criteria (Kumar & Tiwari, 2021). This presents a potential gap in a use
case, as regulatory requirements are not explicitly considered in the decision-making

process.
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Table 3. Development stages and associated MCDM methods (Kumar & Tiwari, 2021).

Product development stage

Involve decision

Methods

1. Planning

Business policy and strategy,
fuzzy and conflict customers’
requirements, risk and
financial management

ELECTRE [31, 39], GP [32,
33]

2. Concept generation and
selection

Technology forecasting,
concept and functional
analysis

AHP [22, 27] ANP [18, 29],
TOPSIS [1, 19, 28],
PROMETHE [11, 34]

3. Embodiment and detail
design

product architecture,
configuration, parametric, and
material

TOPSIS [1, 28], WSM [13,
25], AHP[22, 27]

4. Testing and refinement

Performance, reliability, and
durability

PROMETHE [11, 34], WSM
[13, 25], MAUT [10, 26]

5. Production ramp-up

Resource management and
utilization

AHP [22, 27], TOPSIS [1,
19, 28], GP [32, 33]

6. Approval and launching the

product

Product demands, logistics,
and transportation

AHP [23, 28], TOPSIS [1,
19, 28], PROMETHE [11,
34]

7. Planning for its retirement

Business management

ELECTRE [31, 39], GP [32,
33]

As evidenced in the literature, AHP and TOPSIS are consistently ranked among the
most widely applied MCDM methods, with the latter being the focus for the remainder of
this chapter and research. (Chiao, 2010; Kumar & Tiwari, 2021; Rane et al., 2023).

2.5.1 TOPSIS

TOPSIS is a mathematical analysis MDCM method, developed by Hwang & Yoon
(1981), which ranks alternatives based on distances from an ideal solution (Rane et al,
2023). Ozgur et al. employ the TOPSIS method in conjunction with AHP to develop a
hybrid MCDM model for selecting the optimal option among multiple alternatives in
drinking water treatment, specifically targeting the removal of pesticide particles (2024).
The TOPSIS method has also been used in many different selection applications, from fuel

cells, power transmission, and tensile properties (Kumar Singal, 2015). While TOPSIS is

widely used, it has limitations as it typically assumes linear relationships between criteria
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and the ranking is heavily influenced by the criteria weights (Hwang & Yoon, 1981;
Opricovic & Tzeng, 2004).

The range of applications of TOPSIS is broad and has been utilized as a method for
ranking marketing strategy alternatives (Wu, Lin, & Lee, 2010). The typical TOPSIS
flowchart is detailed in Figure 8 listing the critical steps required to calculate alternative

rankings via incorporation of AHP criteria weights.

| Define the objective |

44 Identify the alternatives I

y

I Identify the evaluation attrubutes/criterias I

v

I Structure decision hierarchy I

Approve
decision hicrarchy

_.I Assessing criteria weights via AHP l

Calculate positve ideal (best) & negative ideal (worst)solution

v

Calculate separation measures by Euclidean distance

v

Calculate relative closeness to ideal solution

.

Obtain the overall score of the alternatives and arrange in
descending order

Obtain the optimal solution/ final ranking

Figure 8. Typical TOPSIS flowchart (Kumar & Singal, 2015).
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A challenge associated with the TOPSIS method is the issue of rank reversal,
however, several revisions and modifications to the normalization and distance measures
have been proposed to mitigate this problem, including a TOPSIS-based sorting method
(Pandey et al., 2023).

Fuzzy TOPSIS, a modification of the original TOPSIS method, was introduced by
Jhanshahloo et al (2006) by incorporating triangular fuzzy set theory (Pandey et al., 2023).
The strength of Fuzzy TOPSIS is the incorporation of positive and negative criteria for a
holistic analysis (Sahoo & Goswami, 2023) and allows for the incorporation of subjective
judgment (Rane & Choudhary, 2023). The incorporation of subjective judgment in Fuzzy
TOPSIS is critical, as the decision maker utilizing Fuzzy TOPSIS can use expert opinion
as the rationale behind establishing criteria weights, which have a direct impact on the
ranked alternatives (Rane & Choudhary, 2023). Applications utilizing Fuzzy TOPSIS have
occurred in location evaluations, supplier selection, and renewable energy rankings
(Nadaban et al, 2016).

For this research, the standard TOPSIS methodology will be used to rank the final
alternatives by equally weighted criteria from new product development and the EPA
chemical classification elements for risk prioritization. Time-to-market has been identified
as being a crucial piece of the marketable success for a project but comes with a tradeoff.
For product reformulation, a model will be adapted to calculate the time-to-market value
for various chemical alternatives that can replace the incumbent chemical.

2.6 Literature Review Summary
The analysis of existing literature relevant to this praxis focuses on three main

areas, as outlined in the research storyboard: product development, regulatory implications,
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and multi-criteria decision-making methods, all situated at the intersection of industrial
chemical applications.

Although product development and time-to-market research are abundant as
overarching categories, the literature review reveals a scarcity of studies offering insights
or case studies within the industrial chemical industry, as the predominant focus has been
on the technology sector. The literature review in this space presents a gap for research, but
does present additional limitations as the industrial chemical sector is broad and has many
nuanced applications. Additionally, research as it relates to product reformulation was
limited to older articles, preserving the longstanding complexities of how governmental
regulation impacts product innovation, which is pertinent to this praxis.

Since the establishment of the Environmental Protection Agency, the body of
literature has continued to grow, driven by new governmental initiatives and rising public
concern, both of which contribute to the development of new regulations and the demand
for further research. The reviewed regulatory literature aligns with the aims of this praxis
and will inform the development of the proposed framework tool.

The review of the literature details a robust use of MCDM methods in combination
with product development applications; however, there is a gap in the incorporation of
regulatory changes as an input into MCDM models for alternative selection in product
redesign. Review found that AHP and TOPSIS are the most consistently utilized methods
for decision making in alternative selection. Accordingly, TOPSIS has been selected as the
model method for this work.

This framework is designed to work across all industrial chemical applications that

conduct product reformulation based on singular components of an end-use product;
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however, industry-specific constraints and methodologies were not included in the
literature review or search. This praxis will address the gaps by creating a framework that
includes regulatory and time-to-market criteria to aid in alternative selection for industry
product reformulation activities and providing a case study on a singular industrial
application.
2.7 Literature Review Contributions

This praxis will build upon the reviewed literature by creating a framework tool
that incorporates the regulatory impact of the LCSA’s evaluation of chemical prioritization
and modeling of product reformulation activities. This will be accomplished by: (1)
Utilizing the established EPA prioritization process to present and estimated status
designation for alternative chemicals, (2) Constructing a time-to-market model for
industrial chemical product development that assesses the differences between alternatives,
and (3) Incorporating the regulatory designation and time-to-market values into a model to

identify ideal alternatives for reformulation activities.
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Chapter 3: Methodology

3.1 Storyboard

The research outline used for this praxis is visually represented by Figure 9. The
overall problem statement is provided and will be analyzed by three research objectives.
The first objective pertains to factors associated with time-to-market via an optimization
model and includes a corresponding research question and hypothesis for evaluation.
Research objectives two and three, and their respective questions and hypotheses, address
the inclusion of regulatory criteria and their impact on alternative rankings. Analysis of the
questions and hypotheses will incorporate Monte Carlo simulations to realize sensitivities

associated with the inclusion of regulatory criteria via a case study.

Problem Statement
Current EPA regulation restricts new and existing chemicals on a large scale and corporations'revenue may be
impacted by millions or more if product reformulation time-to-market and regulatory risk assessment is not optimized.

Research Objective 1 Research Objective 2 Research Objective 3

ng EPA risk
nates into product
‘e selection

Research Question 1 Research Question 2 Research Question 3
‘What are the key factors that that ‘What relationship does incorporation of What is the impact of incorporating
influence time-to-market for product the risk evaluation designation have on regulatory chemical prioritization into
reformulation? alternative ranking? MCDA methods as a tool for optimizing

alternative product selection?

Hypothesis 1 Hypothesis 2 Hypothesis 3
Ti ket is most infh d by the Inclusion of EPA chemical risk An MCDA framework that incorporates
age of the chemical being utilized as a designation in MCDA models EPA prioritization and tinie-to-market
replacement for the incumbent. significantly influences the ranking of will ouiperform rraditional MCDA
reformulation alternatives undervarving methods in selecting optimal
weigliting assumptions. reformulation alternatives.

EPA Priority / Case Study/

Monte Carlo Monte Carlo

Figure 9. Research outline and methodology storyboard.
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3.2 Research Objectives

Industrial product development faces challenges as chemicals are becoming more
highly regulated and evaluated. The passing of TSCA and the LCSA has increased the focus
on chemical risk assessments, which can hinder existing products and product
reformulation due to the unknown evaluation timeline. This research aims to generate a
framework that will incorporate key elements and attributes of the EPA regulatory
framework that attributes priority designations, risk evaluation, and mitigation rulings for
chemicals that can be combined into a framework tool for alternative chemical selection
for industrial chemical product reformulation.

Research Objective 1: Identify the most influential parameter generating high time-

to-market values for industrial product reformulation.

e Research has been conducted to develop robust evaluation models for
product development activities that provide a normalized breakdown of
key process steps in the development process. The model has identified
three evaluation parameters that can be adapted for industrial chemical
product reformulation to evaluate their impact on time-to-market for
each alternative chemical.

Research Objective 2: Quantify the impact of EPA priority classification on
reformulation alternative rankings.

e The risk evaluation mitigation outcomes have been classified into three
categories in the praxis: no restrictions, moderate restrictions, and
banned. These categories are in line with the broad range of rulings the

EPA can make on a chemical.
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Research Objective 3: Quantify the impact of regulatory criteria inclusion on
reformulation alternative rankings.

e The final objective combines the previous objectives into the primary
focus for this praxis, which is incorporating a time-to-market model,
regulatory criteria, and TOPSIS MCDM methods as a framework tool
to support selecting the best alternative solution for product
reformulation.

3.3 Research Questions and Hypotheses

To support the research objectives, three research questions and hypotheses are
presented. Table 4 is a summary table of the research questions, mapping model methods,
and data used for each question and hypothesis, with a more detailed explanation provided
in Section 3.3.1.

Table 4. Evaluation Methods for Research Questions & Hypotheses.

Research

Teiin Hypothesis Data Source Validation Method
1 1 TTM Optimization Chemical Data Sensitivity / ANOVA
2 2 TOPSIS EPA / Chemical Monte Carlo
3 3 TOPSIS EPA / Chemical Monte Carlo

3.3.1 Research Questions and Hypothesis 1
The first research question is presented as:
RQI1: What are the key factors that influence time-to-market for product
reformulation?
This question aims to understand how the parameters of supplier involvement,
complexity, and newness can be adapted for industrial chemical reformulation activities

and how they impact time-to-market. This can aid decision-makers when considering
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different classes of substances based on which parameter tends to have the greatest impact
on time-to-market.

H1: Time-to-market is most influenced by the age of the chemical being utilized as

a replacement for the incumbent.

This hypothesis aims to validate that there is at least one parameter that contributes
to higher time-to-market values.

3.3.2 Research Questions and Hypothesis 2

The second research question is presented as:

RQ2: What relationship does the incorporation of the prioritization designation

have on alternative ranking?

The EPA prioritization designation can significantly hinder the use of a chemical,
as the designation is the first step in assessing the need for a risk assessment. Additionally,
if the priority designation yields a risk assessment, additional restrictions of use can be
implemented via mitigating strategies to limit human health and environmental dangers. If
a chemical is banned, the only potential recourse is product reformulation; however, use
restrictions can be implemented for another potential alternative.

H2: Inclusion of EPA chemical risk designation in MCDM models significantly

influences the ranking of reformulation alternatives under varying weighting

assumptions.

This hypothesis aims to assess the implications of incorporating EPA prioritization
into an MCDM model on rank stability.

3.3.3 Research Questions and Hypothesis 3

The third research question is presented as:
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RQ3: What is the impact of incorporating regulatory chemical prioritization and
risk mitigation status into MCDM methods as a tool for optimizing alternative
product selection?

This research question seeks to understand if there is a benefit to combining the
prescribed elements of the chemical prioritization method, risk evaluation, and time-to-
market in an MCDM model to assess the optimization of alternative selection. The
hypothesis is presented as:

H3: An MCDM framework that incorporates EPA prioritization, risk mitigation

status, and time-to-market will outperform traditional MCDM methods in selecting

optimal reformulation alternatives.

This hypothesis aims to validate the selection of the best alternative for product
reformulation activities required in the input of regulatory dynamics and time-to-market
values.

3.3.4 Research Approach

The typical approach for product reformulation activities is to evaluate what

alternative components can be used in place of an incumbent component. Figure 10 details

the sequential steps that will be utilized in this praxis.
‘Dr—
‘ Time-to- ‘

‘ Market ‘

==

Monte

Product Identify
Reformulation Alternatives ‘

‘ TOPSIS | Ranked - Select Carlo

i Alternatives Alternative " .
ComEs Simulation

® @

EPA Risk
@ N 4
Figure 10. Research approach map.
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Step 1: Identify Alternatives (Hexagon 1, Figure 10)

The initial starting point after deciding to undergo product reformulation is to seek
similar components (chemical categories), as property consistency is key to maintaining
the product's integrity. This is listed as “identify alternatives” in the research map, and
previously stated in Chapter 2, industrial chemical products can contain many different
chemicals that are combined to generate a commercial product that has a designed set of
properties. Initial alternatives would be based on the classification of the incumbent
component; however, chemicals can belong to the same chemical category and have
varying properties. This property variation can also lead to classification differences as
designated by the EPA.

In this research, the TSCA Chemical Substance Inventory will serve as the starting
point for alternative chemical selection. As referenced in Chapter 2, the existing chemicals
inventory list functions as the primary repository from which substances are drawn for the
prioritization process. Alternative selection will occur from this list for the same general
chemical classification of the incumbent chemical to be replaced.

Step 2: Calculate TTM and Classify EPA Prioritization & Risk Mitigation

designations (Hexagon 2, Figure 10)

Once the alternative has been identified, two activities occur in parallel: the EPA
Risk classification and a time-to-market value is calculated. A methodology map is
presented in Figure 11. All inputs required for calculation of time-to-market and EPA
Prioritization designation are represented by red colored rectangles, as well as TOPSIS

inputs of cost and EPA Risk.

38



l i /| Cost ($/lb)

Time-to-
Market
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. »  TOPSIS Ranked
Alternatives - " .
Analysis Alternatives
EPA EPA Priority
'| Prioritization Designation

EPA Risk

Hazard Exposure Persistence

Figure 11. Methodology Map.

EPA Risk classification is done by estimating the chemical prioritization substance
status using information from the TSCA Work Plan Chemicals Method Document, which
is discussed in detail in Section 3.4, and will incorporate the physical chemical properties
of each alternative.

An adapted product development model is used to calculate the time-to-market value
for the selected alternative based on three parameters: supplier inventory, complexity, and
newness, also shown in red rectangles in Figure 11. The equations used in the optimization
procedure are discussed in Section 3.5.

Step 3: Execute TOPSIS Model (Hexagon 3, Figure 10)

The values calculated for time-to-market and EPA Risk become three of the criteria
inputs in the TOPSIS model (Hexagon 3, Figure 9), with cost as the fourth criterion. Cost
will be represented as dollars per pound ($/1b) for the alternative and will be the represented
online bulk pricing from US based distributors. The TOPIS model will utilize equal weights
for the criteria and construct a decision matrix, undergo a normalization process, and
calculation of Euclidean distances. The calculation methodology for TOPSIS is

enumerated in Section 3.6.
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Step 4: Alternative Ranking (Hexagon 4, Figure 10)

After executing the calculation procedures for TOPSIS, ranks are assigned to the
alternatives, and the best alternative will be selected.

Step 5: Model Sensitivity & Validation (Hexagon 5, Figure 10)

The conclusion of this research approach is the validation and analysis via Monte
Carlo simulation to assess rank stability by evaluating rank change and TOPSIS scores
using simulations adjusting criterion weights.

3.4 EPA Chemical Prioritization Status & Risk Designation

The EPA risk prioritization process is a key component of the incorporation of the
regulatory aspects in this praxis. The LCSA amendment to TSCA institutes an aggressive
implementation of evaluating chemicals to first determine the substance priority status, and
then undergo a complete risk evaluation process as a means to mitigate harmful human and
environmental exposures, presents challenges to companies whose products utilize
chemicals.

The EPA has defined three categories that each chemical will undergo an
assessment: Hazard, Exposure, and Persistence, which were previously used in the TSCA
Chemical Workplan Assessment. This method will be the basis for the estimation of the
EPA priority classification for the alternative chemicals evaluated in this praxis. Table 5
presents a description of the categories and their qualitative ratings.

Table 5. Categories for EPA Prioritization classification.

Hazard 1,2,3 Human health or environmental toxicity

Components of use type, general population & environmental
Exposure 1,2,3 p type, g p p. .

exposure, and TRI / non-TRI release information
Persistence 1,2,3 Persistence and Bioaccumulation data
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The values for all three categories are added to obtain an aggregate score, and then
the score is normalized to values of 1, 2, or 3 with the respective qualitative names of Low,
Moderate, and High. While there is similarity in naming, this is not the exact process that
is utilized when the EPA designates a chemical as low or high priority. This is the basis of
the process; however, additional components and expert judgment are also utilized by the
EPA in the priority chemical classification process.

The EPA has previously assessed over 90 chemicals utilizing the 2012 Work Plan
Assessment for chemicals and detailed the respective values for each category. There are
at least 15 chemicals that have already undergone the chemical prioritization process and
received a final designation as high-priority substances in December 2019, and are
currently in various stages of risk evaluation. Additionally, five more have been designated
as high-priority substances in December 2024. Table 6 details the chemicals assigned as
high-priority substances, including the year and ratings for hazard, exposure, and
persistence values for the TSCA Work Plan Chemical Assessment.

Table 6. Chemical Designated High Priority & Workplan Assessment Ratings.

v Substance Hazard | Exposure | Persistence Total
ear Score
2019 | Trans-1,2- Dichloroethylene 2 3 2 7
2019 | Phthalic anhydride 3 3 | 7
2019 | Phosphoric acid, triphenyl ester (TPP) 3 3 2 8
2019 | p-Dichlorobenzene 3 3 2 8
2019 | o-Dichlorobenzene 2 3 2 7
2019 | Ethylene dibromide 3 2 2 7
2019 | Dicyclohexyl phthalate 3 3 1 7

l).ibutyl phthalate (1,2-Benzene- dicarboxylic acid, 1,2- 3 3 | 7
2019 | dibutyl ester) (DBP)

Butyl benzyl phthalate - 1,2-Benzene- dicarboxylic acid, 1- 3 3 1 7
2019 | butyl 2(phenylmethyl) ester (BBP)

4,4'-(1-Methylethylidene)bis[2, 6-dibromophenol] 5 3 5 7
2019 | (TBBPA)

1,3,4,6,7,8-Hexahydro-4,6,6,7,8,8-hexamethylcyclopenta 7 3 5 7
2019 | [g]-2-benzopyran (HHCB)
2019 | 1,3-Butadiene 3 3 1 7
2019 | 1,2-Dichloropropane 2 3 2 7
2019 | 1,2-Dichloroethane 3 2 2 7
2019 | 1,1,2-Trichloroethane 3 2 2 7
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It is worth noting that the EPA places greater emphasis on chemicals that are
potentially carcinogenic or have concerns regarding human toxicity, which are captured in
the Hazard category. In place of providing equal weights for the criterion, this praxis will
assign a higher weight to the “Hazard” category, with the remaining two criteria having
equal weights. Additionally, the choice was made to transpose the ratings of 1, 2, and 3 into
values from 0 to 1. This was achieved by utilizing the weight sum model, as represented
by Equation 1, where S represents the sum total score.

S =wixy +wyxy + -+ wypxy, (1)

where w, is the weight of the nth criterion
X, 1s the value of the nth alternative

Table 7 below details the weights for the criteria used in this praxis, along with the
corresponding transformation values for the ratings. The last row provides a sample

calculation of the weight score.

Table 7. Rating, Weights, Weighted Score.

Ratings
1 2 3
Value 0.20 0.60 0.95
Hazard Exposure | Persistence
Weights 0.40 0.30 0.30
Sample Score
Hazard Exposure | Persistence
Alternative 3 2 3
Weighted Values
Hazard Exposure | Persistence
Alternative 0.38 0.18 0.285
‘ Weighted Sum Score | 0.845 ‘
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The information from Table 7 is cross-referenced with a listing of chemicals defined
as high priority under the EPA's chemical prioritization process, previously published. A
weighted sum model is applied using values from the TSCA Work Plan Chemical
Document for hazard, exposure, and persistence, along with their corresponding weights
from Table 7. Table 8 presents the weighted scores for substances classified as EPA high-
priority and serves as the basis for establishing a score threshold for high-priority
designation in this praxis.

To determine the lower limit designation for high-priority substances based on the
adapted weighted sum model of existing scores from the EPA, statistical calculations—
including average, median, minimum, maximum, and standard deviation—were performed
for three groups: chemicals designated in 2019, those designated in 2024, and the combined
set from both years. This is represented in Table 9.

Table 8. Existing High Priority Substance Weighted Scores.

Weighted Sum
Hazard | Exposure | Persistence
Year Substance 0.4 0.3 0.3 Score
2019 | Trans-1,2- Dichloroethylene 0.6 0.95 0.6 0.705
2019 | Phthalic anhydride 0.95 0.95 0.2 0.725
Phosphoric acid, triphenyl
2019 | ester (TPP) 0.95 0.95 0.6 0.845
2019 | p-Dichlorobenzene 0.95 0.95 0.6 0.845
2019 | o-Dichlorobenzene 0.6 0.95 0.6 0.705
2019 | Ethylene dibromide 0.95 0.6 0.6 0.74
2019 | Dicyclohexyl phthalate 0.95 0.95 0.2 0.725

Table 9. High Priority Substance Statistics.

Year Average Min Max | Median | StDev
2019 0.737 0.705 0.845 0.725 0.046
2024 0.752 0.725 0.845 0.725 0.052
2019 + 2024 0.741 0.705 0.845 0.725 0.046
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https://www.epa.gov/node/247023/

This data presents a baseline for estimating the high-priority substance designation
given the use of the same TSCA Work Plan assessment. In this praxis, the lower limit for
high priority designation will be the average for the “2019 + 2024” category minus one
standard deviation, yielding a lower limit of 0.695. This scoring system differs from the
EPA process, as it does not include expert judgment and additional analysis of
individualized applications, whereas the EPA process does.

3.5 Time-to-Market

Time-to-Market is one of the four major components in the product development
process model. The product development model has been modified to assess the
characteristics associated with reformulation activities in the industrial chemical sector,
redefining the key parameters of supplier involvement (support services offered),
complexity (ease of incumbent replacement), and newness (relative age of the chemical).

The time-to-market parameter used in this methodology aims to quantify the
differences in commercialization, or sales time, for each alternative based on the work of
Yassine & Souweid (2023). The summation of the development times is the Total Time
(Tt), which is set equal to one, yielding an equation that can be used to calculate the
Marketing Time (Twm), as represented by Equation 2.

Ty=Tr=Tp—Ts—T; (2)
where Twm is the Marketing Time (time-to-market) for the finished product
Tt is the Total Time to create and sell the product
Tp is the Development Time

Ts is the System Time
Ti is the Integration time
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The product development process is formulated as an optimization problem to
maximize revenue, as represented in Equation 3. Equations 4 and 5 detail the required

constraints for two of the four development stages.

~wm 1
Max R =Mp 225" [1 —mi—T, — a(1 —m)T,] (3)
Tpea+tm+Q,
0<Tg<1 “4)
0<Tp,<1 (%)

where R is the revenue
M is the market share
p 1is the price
m is the modularity
u is the newness
a is the supplier involvement
A is the complexity
Q. is the competitive quality

A summary of inputs, variables, and calculated values for the optimization model
is presented in Table 10. For model inputs, a linguistic approach of low, medium, and high
is used to qualify the impact, which is then transposed into crisp values as presented in
Table 11. The variables M and p can be considered a multiplicative constant, thereby not
affecting the optimal solution (Yassine & Souweid, 2023). The value for Q. is set to one,
for a highly competitive environment from a high quality competitor.

Table 10. Model Inputs, Variables, and Values.
Input Optimization  Calculated

Symbol

Parameter  Variable Value

Complexity A v

Newness n v

Supplier Involvement o v

Modularity m v

Design time Tp v

System time Ts v
Integration time T v
Time-to-market Twm v
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Table 11. Time-to-market variable ran
A u ‘ o

es.

Value Complexity Newness ‘ Supplier Involvement
Low 0.25 0.10 0.10
Medium 0.60 0.50 0.50
High 0.80 0.90 0.90

To solve this problem, Microsoft® Excel was used with the Solver Package enabled
to solve for the maximum revenue with the given constraints while varying Tp and m. In
the Excel example, values are designated for lambda, alpha, and mu, which are classified
as input cells (yellow), while the cells to be varied (m and Tp) are empty and colored
orange. The input cells are fixed as they are dependent upon the identified chemical
alternative. The values for m and Tp are varied in the optimization procedure, as they both
influence each other; products with high modularity can have shortened development
times.

The cells that are calculated via equations are colored blue. In Figure 12, the solver
module was selected, and the constraints are identified, as well as the optimization being

defined as maximizing the objective function.

Objective Function
ver P
P Input Cells Solver Parameters X
5 Solver Cells
Calculated Values Sef Objective ObiFun] +
Constraints To: O Moax O min 7 Value OF:
System Design [] e= Tgem 1
By Changing Variable Cells:
Detail Design 0 =Tpes 1 = 5
SD522:5D524,Tt %
Optimal Modularity 0 <= m <= 1
Subject to the Constraints:
Time Constraint = 0| 0313 - SES1S rae
Td <= Tdmax =
Td > = Tdmin
Ts <= Tsmax Change
6 Optimization ;“_”‘ Tsmin
Variable Designati Stepl  Step2 m s mmax Delete
Complexity A 0.2: B m = mmin
Supplier Involvement a 0.5 i Med Reset All
Newness b 0.9 Hig
2 Optimal modularity m Load/save
23 Optimal design To Make Unconstrained Variables Non-Negative
Optimal system design T. Equ Sglect a Solving  Evolutionary z Options
Methad
Integration time T, Equ
Marketing window T, Equ Solving Method
Total Time T <= Select the GRG Nonlinear engine for Solver Problems that are smooth nonlinear. Select the LP
Simplex engine for linear Solver Problems, and select the Evolutionary engine for Salver
prablems that are non-smooth.
Maximize Revenue 0

Help Solve Close

Figure 12. Excel Solver Time-to-market Solver Parameter.
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It should also be noted that an additional constraint of setting Tt equal to one is

used in the optimization. Once the solutions for Tp and m have been found, Equations 6

and 7 are used to calculate Ts and Tr.

Figure 13 displays the executed solver solution, and the calculated Ty can be

T5=e

m
lTLT

TI = 0((1 - m)TD

viewed in the calculated blue cell.

Objective Function

Variable Designation _ Step1 _ Step2 _
Complexity A 0.25 G i
Supplier Involvement a

Bl |Newness [

prd Optimal modularity m

23 Optimal design To

8 |Optimal system design Ts
Integration time T
Marketing window Tu

Total Time

Maximize Revenue

0.040576309

Input Cells Tbe'ﬁ 1
Solver Cells MaxR = Mp ————[1-mi—Tp —a(l —m)Tp]
Calculated Values Tpeasm + Q,
Constraints
System Design 0 e Tg< 1
Detail Design 0 <=Tp< 1
Optimal Modularity 0 =m < 1 Low 0.25 0.1 0.1
Medium 0.6 0.5 0.5
Time Constraint 0 0 High 0.8 0.9 0.9
Solver Results
Optimization

Solver cannot improve the current solution. All

Constraints are satisfied Reports
L Answer
i Me @ geep Satver Solution Fopulation

O Bestors Griginal Values

£q [ Return to Solver Parameters Dialog outline Reports

<

Solver cannot improve the current solution. All Constraints are satisfied.

Save Scenario.

When the Evolutionary engine is used, this means Solver stopped because it can not find a better

solution in the given time

Figure 13. Excel Solver Time-to-market output.

With the solution for Ts and Ti, the time-to-market can be calculated using the

previously defined Equation 2. This calculation is done for every alternative evaluated.

3.6 TOPSIS

(6)
(7

This section introduces TOPSIS, a method for ranking reformulation alternatives

based on four criteria: cost, EPA prioritization, risk designation, and time-to-market. Each

alternative will be scored based on its proximity to an ideal solution, enabling the selection

of the most favorable option using a structured and reproducible decision matrix. An
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example decision matrix is presented in Table 12 with the criteria that will be used in this
praxis, and mathematically represented in Equation 8. The steps for deriving the final
rankings are outlined below.

Table 12. TOPSIS Decision Matrix.

Twm EPA Priority EPA Risk Cost ($/1b)
Alternative 1 al‘l al’z a1‘3 a1‘4
Alternative 2 az, az» a3 a4
Alternative 3 a3‘1 a3’2 a3'3 a3'4
Alternative 4 a4’1 a4'2’1 a4,'3 a4_'4_

a’l,l al,j
= ( : : ) (8)
i1 - Qg

After the decision matrix has been constructed, weights are applied to each criterion
to generate a weighted decision matrix shown in Equation 9 and then normalize the

weighted decision matrix represented by Equation 10.

Ui]' :ai]'XWj (9)
aij
rij = m] > (10)

i=1 4

where v;; is the weighted values of criterion i
r;; is the normalized value of criterion i/

The next step is to identify the ideal and negative ideal solutions for the best
possible value for each criterion. The ideal solutions for the maximum and minimum
criteria are represented by Equations 11 and 12, respectively.

AT = (max v;)) (11)
AT = (min v;)) (12)

The negative ideal solutions for the maximum and minimum criteria are represented

by Equations 13 and 14, respectively.
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A” = (min v;) (13)
A™ = (max vy;) (14)
The Euclidean distances are calculated to find the separation of each alternative

from the ideal solution using Equations 15 and 16.

St = \/Z?zl(vij - Uj+)2 (15)

- \2
5i=Jm%0W—%) (16)
where S;" is the distance from the ideal solution

S; is the distance from the negative ideal solution

The final step is to calculate the relative closeness to the ideal solution using
Equation 17. This value is used to rank the alternatives, with the highest relative closeness

value being the most preferred solution.

, (17)

= —= =
SF+S;

C;

where C; is the relative closeness (closeness coefficient)
3.7 Monte Carlo

To validate the methodology, Monte Carlo simulations will be utilized to assess
rank stability and conduct additional sensitivity analyses. A use case will be discussed in
Chapter 4 that will provide a fully executed model for alternative selection in product
reformulation. Monte Carlo simulations will be conducted with and without EPA risk
designations in the TOPSIS model to assess the differences in ranking. Additionally,
sensitivity analyses on the effects of criteria weights employed in the TOPSIS model will

be conducted.
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As the use case involves evaluating 4 alternatives, a minimum of 500 simulations
(2,000 data points) will be run. This praxis evaluates the development of a framework tool
for alternative selection optimization and thus is an exploratory model. Simulation run
count is in line with literature-suggested ranges for exploratory models (Rubinstein &
Kroese, 2016). Convergence details will be assessed via statistical tests, rank variances,
and box and scatter plots to assess model stability.

3.8 Methodology Summary

The research methodology provides a systematic pathway to assess the best
alternative component for product reformulations by incorporating key parameters in the
EPA prioritization process and classification of regulated chemicals. This method has
identified parameters that are key to evaluating a chemical priority classification as
outlined by the EPA. Upon the change of a chemical classification, additional testing and
evaluation are required before a final ruling that will limit, restrict, or ban chemical use,
which can hinder product reformulation timelines.

Alist of alternative chemicals is identified for a given product, and a time-to-market
metric is established for each alternative. This time-to-market criterion becomes one of
four total evaluation criteria used in the TOPSIS model, where a decision matrix is
constructed with three additional criteria, EPA Risk, EPA Prioritization, and cost. For the
criteria, equal weights are used to present a more robust model. With the weights and values
completed for the decision matrix, a score is based on the Euclidean distances (both ideal
and negative). The higher the score, the higher the ranked alternative, which is the solution

that should be selected for product reformulation when accounting for the four main
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criteria. Validation of this approach is achieved through Monte Carlo simulations, which

provide insight into the stability of weight and ranking.
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Chapter 4: Case Study

4.1 Introduction

Product development is a core function of every business, regardless of industry,
because generating revenue generally depends on delivering a marketable solution. While
the overarching concept of developing a product may be consistent across sectors, the
specific processes, resources, and considerations involved can vary significantly. This
variability is especially evident during product reformulation, where industry-specific
challenges and requirements shape how existing products are modified or improved.

This praxis has constructed a basic framework that can be adapted to the unique
elements of the industrial chemical industry as it seeks to evaluate substitutes in product
reformulation while incorporating regulatory changes. The following subsections provide
background on the selected industry, Agriculture, and the selected alternatives that will be
used in the development of the case study. Sections 4.2 and 4.3 will enumerate the
calculations associated with the case study, Section 4.4 will provide an analysis of the case
study, and the conclusions will be detailed in Section 4.5.

4.1.1 Agriculture

Agriculture is a critical aspect of human life. The process of growing crops for food
has been part of the survival of the human species and is more important as the global
population continues to increase. Technological advancements have aided in the efficiency
and efficacy of cultivating plants for large-scale food production to support nations.
Understanding the necessary plant growth development process, including the critical

development steps as well as the.
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To narrow the scope of work related to product reformulation and regulatory
activities, this praxis focuses on activities related to crops. Crops can be further segmented
into other categories, such as crop production, crop nutrition, and crop protection. The latter
will be the domain utilized in the case study. Crop protection centers on providing solutions
that will protect the crop and minimize the occurrences of disease, decay, pests, and yield
loss (Popp & Hantos, 2011). The global 2023 crop protection market value was estimated
to be $74.86 billion (Statista, 2025).

Crop protection can be handled by different products designed by agricultural
companies that can target any of the above enumerated ailments. In this praxis, the focus
will be in the pesticide category, which is defined as the means to eliminate or kill any
unwanted, harmful, or undesirable organism. The pests are eliminated via products
designed by formulators to target specific traits.

4.1.2 Pesticide Formulations

Pesticide formulations can be solid, liquid, or granular, each with its unique formula
or recipe. This use case will be a liquid formulation. Table 13 details a summary of the
primary liquid formulation types utilized in pesticide applications (Ohkouchi & Tsuji,
2022). A formulation type is provided, with its known abbreviation and additional
components. The main component in all crop protection formulations is the active
ingredient (A.l.), which is the compound that targets the pest. The additional components
are utilized to create a usable form for the farmer to disperse onto their crops while
maintaining a recommended dosage rate that is effective in eliminating the pest, but does

not pose a threat or inhibit growth and maturation of the desired crop.
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Formulation Abbreviation Main Components (except A.l.)

Emulsifiable Concentrate EC Organic solvent + emulsifier
Soluble Concentrate SC Water

Ultra Low Volume ULV Organic solvent or water
Suspension Concentrate SC Water + dispersant + thickener
Emulsion, oil in water EW Water + emulsifier + (thickener)
Microemulsion ME Water + emulsifier
Suspoemulsion SE Water + emulsifier + dispersant
Oil Dispersion OD Organic solvent + dispersant

For this research, an EC formulation was chosen to be used in this case study. The
EC formulation was selected because it is a widely used formulation type for crop
protection worldwide (Croda Agriculture website, 2025).
4.1.3 Case Study EC Formulation

The components of an EC formulation are the active ingredient, solvent, and
emulsifier. A specific amount of each component is required to create a stable formulation.
Shown below in Table 14 is an off-patent formulation utilizing Malathion as the active

ingredient, which will be used as the formulation for this case study (FAO).

Table 14. Off-patent EC Pesticide Formulation.

Component Quantity (w/w %) Description
Malathion 55.6 Al
Xylene 424 Solvent
Nonylphenol ethoxylate (NP-9) 2 Emulsifier

Malathion is the active ingredient in this pesticide formulation, which is used to
control insects and mites that attack crops. Xylene serves as the carrier, or solvent, in which

the active ingredient is dissolved, and NP-9 acts as the emulsifier, aiding in the mixing of

54



incompatible liquids. For this case study, alternatives for xylene, the solvent, will be
evaluated.
4.1.4 Selected Alternatives

For the purposes of this study, the component to be evaluated in product
reformulation will be the solvent. This praxis will consider four different solvents that can
be used as an alternative to xylene in the base formulation. Table 15 lists the selected
alternative solvents with their respective Chemical Abstracts Service (CAS) registry

number, classifications, and abbreviations.

Table 15. Selected Solvent Alternatives for Case Study.

Solvent CAS Number Classification Abbreviation
Dimethyl Sulfoxide 67-68-5 Aprotic Solvent DMSO
Dimethyl Formamide 68-12-2 Aprotic Solvent DMF
1-Butyl-2-Pyrrolidinone 3470-98-2 Aprotic Solvent NBP
Aromatic 100 64742-95-6 Aromatic Solvent Ar100

The solvents were selected because they are widely used in the agricultural
formulation industry and can serve as replacements for xylene, an aromatic solvent.
Additionally, the solvents, with the exception of NBP, are listed on the existing chemical
inventory, which serves as the basis for identifying chemicals to be prioritized. The
inclusion of NBP as an alternative solvent that is not on the existing chemicals list will aide
in evaluating the robustness of the model, as newness is a criterion for time-to-market
calculation.

These selected alternatives will be evaluated in Chapter 5 to assess the consistency

of ranking and model performance across scenarios.
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4.1.5 EPA Risk Priority Status
For this case study, Table 16 presents the values and scores for each of the

alternatives. Chemical property data was used to generate the ratings for each category

defined in Chapter 3.
Table 16. Alternative Priority Scores.
RATINGS
Chemical CAS Hazard Exposure | Persistence
DMSO 67-68-5 1 2 2
Dimethyl formamide 68-12-2 2 3 2
Aromatic 100 64742-95-6 2 2 1
1-Butyl-2-Pyrrolidinone 3470-98-2 1 1 1

For this use case, the ratings, weighted total score and estimated priority
designation are represented in Table 17. The estimated priority designation was determined
by the weighted total score value; the designation of “High Priority” has a value greater
that 0.695 as detailed in Chapter 3.

Table 17. Alternative Weighted Score, Estimated Priority, TOPSIS Input.

NORMALIZED
Hazard | Exposure | Persistence | Weighted | Estimated | TOPSIS
. Total
Chemical |, , 0.3 0.3 Score Priority | Input
DMSO 0.2 0.6 0.6 0.44 Low 1
DMF 0.6 0.95 0.6 0.71 High 2
Ar100 0.6 0.6 0.2 0.48 Low 1
NBP 0.2 0.2 0.2 0.20 Low 1

4.2 Time-to-Market

Marketing time is a crucial component for product development activities,
especially in the agricultural industry, as product availability must coincide with the
appropriate planting and growing seasons. As presented in Chapter 3, an adaptation of the

work of Yassin & Souweid will be used to simulate time-to-market for the case study.
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To assist in the computational activities of evaluating four different solvents, R
Studios was used to conduct the optimization problem associated with calculating the time-
to-market, and the results are available in the Appendix of this praxis. This method was
chosen over the Excel solver due to its performance, ease of running multiple cases, and
its eventual incorporation as part of a complete model with TOPSIS.

Construction of the model occurred by defining the three values for each of the
three product development process variables: supplier involvement (o), newness (L),
complexity (A), as represented in Chapter 3. For each industry, adaptation of the process
variables will need to be assigned to be congruent with the nuances associated with the
industry. Table 18 below provides the ranges for the low, mid, and high assessments, and

the quantitative values are reflected as enumerated in Chapter 3.

Table 18. Qualitative Values for time-to-market variables.

Solvent
Low Drop-in >20 yrs No technical support
Mid Moderate 5-20 yrs Some technical support
High Adjustment <5yrs Technical support

The complexity parameter, A, is the likelihood for the solvent to easily replace the
incumbent- this would be considered a “drop-in” replacement, like-for-like. Formulation
development can be complex, and a lower complexity is desired, particularly in the form
of a drop-in replacement. For the newness variable, p, the qualitative basis is on the relative
age and use of the solvent in the specific application. The supplier's involvement is based
on the support services they offer. In the agricultural industry, some suppliers provide
value-added support by assisting product manufacturers with use and formulation guidance

— their knowledge about chemical aids the customer in their reformulation strategy.
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Incorporating the above information into the agriculture industry use case, Table 19

details the qualitative values assigned to each variable for each alternative.

Table 19. Pesticide Formulation: Alternative Solvent iiualitative.

Dimethyl Sulfoxide Mid Low High
Dimethyl Formamide Low Low Low
1-Butyl-2-Pyrrolidinone High High High
Aromatic 100 Low Low Low

The qualitative values represented in the table are converted to quantitative values

previously defined in Chapter 3 and are represented in Table 20 below for the selected

alternatives.

Table 20. Pesticide Formulation: Alternative Solvent iiuantitative values.
Dimethyl Sulfoxide 0.60 0.10 0.90
Dimethyl Formamide 0.25 0.10 0.10
1-Butyl-2-Pyrrolidinone 0.80 0.90 0.90
Aromatic 100 0.25 0.10 0.10

The values for each of the variables for each solvent are then input into the R code
along with the constraints as defined in Chapter 3 in lieu of using Excel solver as mentioned

in Chapter 3, which is shown in Figure 14.
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@] TTM Optimization TOPSIS Code - Chpd...

# ===

e

Source onSave | Q 7 + =*Run | *=

optimization function ===
- optimize_Z <- function(mu_level, lambda_level, alpha_level, id, qc =1, Tt = 1) {
# Preset level values

9 mu_vals <- 1ist(low = 0.1, mid = 0.3, high = 0.9)
10 lambda_vals <- Tist(low = 0.25, mid = .6, high = .8)
11 alpha_vals <- Tist(low = 0.1, mid = 0.5, high = 0.9)
12
13 # Extract selected values
14 T <- mu_vals[[mu_Tevell]

15 lambda <- Tambda_vals[[lambda_level]]
16 alpha <=- alpha_vals[[alpha_level]l]

17

18 # Objective function

19- objective_function <- function(x) {

20 Td <- x[1]

21 m <- x[2]

22

23 if (m == 0) return{led)

24

25 Ts <- exp(log(m)} / Tlambda)

26 Ti =- alpha * (1 - m) * Td

27 ™ <- Tt - Td - Ts - Ti

28

29 if (Ts < 0 Ts = 1 Td <0 || Td>1 m=<90 || mz=1) return(lea)
30

31 Rl =- Td * exp(-mu / (alpha + m))

32 R2 <- Td * exp(mu / (alpha + m)) + ac

33 R3 =- 1 - (mA(1 / lambda)) - Td - alpha * (1 - m) * Td
34

93:40 | (Top Level)

Console

Figure 14. R Studio code for Case Study.

==

Source -

-
>
R Script

80

The objective function, which maximizes revenue as represented by Equation 2,

was implemented, and the value of the marketing time, Twm, was calculated using Equation

Table 21 below details the total marketing time values for each of the alternative

solvents from the optimization problem. These values are then used in the TOPSIS model

to construct alternative rankings and assess their impact on the final rankings in Chapter 5.

Table 21. Alternative Ty Values.

Solvent Twm ‘
Dimethyl Sulfoxide 0.551
Dimethyl Formamide 0.573
1-Butyl-2-Pyrrolidinone 0.543
Aromatic 100 0.573
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4.3 TOPSIS
For this application, the criteria have been defined as Time-to-Market, EPA Priority,
EPA Risk, and Cost, which are detailed in Table 22. The table also details the weights for

each criterion.

Time-to-market 0.25 Total marketing time (normalized)
EPA Priority 0.25 Estimated Risk

EPA Risk 0.25 Estimated Risk Priority Status
Cost 0.25 Alternative cost ($ per pound)

To conduct the TOPSIS calculations, an R Studio model was created that
incorporates the values of the criteria for each of the alternative solvents. Figure 15 shows
the R script and execution steps of the TOPSIS model. The first step in the TOPSIS process
is to create a decision matrix of the criteria and alternatives, as represented in Table 23. The
values for Tm were calculated from the TTM optimization model, EPA Priority and EPA

Risk are derived, and Cost is observed from chemical distributors.
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9] TTM Optimization TOPSIS Code - Chipd... ==

SourceonSae | O Ao +Run | o  Source =
97 # === TOPSIS Step 1: Create decision matrix === -
98 decision_matrix results_df %%
99 select(Tm, EPA_Risk, EPA_Priority, market_info)
100
101 cat("\n--- Decision Matrix ---\n")
102 print(decision_matrix)
103
104 # === TOPSIS Step 2: Normalize the decision matrix ===
105~ normalize <- function(x) {
106 return(x sqrr(sum(x~2)))
107« }
108 normalized_matrix <- as.data.frame(lapply(decision_matrix, normalize))
109
110 cat("\n--- nNormalized Decision matrix ---\n")
111 print(normalized matrix)
112

113 # === TOPSIS Step 3: Define criteria weights and types ===
114 # example: All criteria equally weighted
115 weights <- ¢(0.25, 0.25, 0.25, 0.25)

116

117 # criteria type: TRUE = benefit, FALSE = cost

118 criteria_benefit <- c(TRUE, FALSE, FALSE, FALSE)

119

120 # === TOPSIS Step 4: Apply weights ===

121 weighted_matrix <- sweep(normalized_matrix, 2, weights, Fun = "*")

122

123 cat("n--- weighted pecision matrix ---\n")

124  print(weighted_matrix)

125

126 # === TOPSIS Step 5: Find ideal and negative-ideal solutions ===

127 ideal_solution < ifelse(criteria_benefit, apply(weighted_matrix, 2, max), apply(weighted_matrix, 2, min))
128 negative_ideal < ifelse(criteria_benefit, apply(weighted_matrix, 2, min), apply(weighted_matrix, 2, max))
129

130 cat("\n--- Ideal solution ---\n")

131 print(ideal_solution)

132

133 cat("\n--- wegative-1deal solution ---\n")

134 print(negative_ideal)

135

136 # —= TOPSIS Step 6: Calculare distances ——=

137 distance_to_ideal <~ apply(weighted_matrix, 1, function(row) sqrr(sum((row - ideal_solution)+2)))

138 distance_to_negative <- apply(weighted_matrix, 1, function(row) sqrt(sum((row - negative_ideal)»2)))

139

140 cat("\n--- Distance to Ideal Solution ---\n") i
141 v
8938 | (Top Level) 3 R Saript 5
Cansole =0

Figure 15. R code for TTM optimization model.

Table 23. TOPSIS Decision Matrix (Case Study).
Solvent EPA Priority EPA Risk Cost ($/1b)

DMSO 0.551 1 1 2.00
DMF 0.573 2 2 0.75
NBP 0.543 1 1 3.13
Ar100 0.573 1 1 1.42

The R Studio model was created with the predefined EPA Priority and EPA Risk
values for each solvent, and previously calculated Tu values from the optimization
procedure. The decision matrix was then converted into a normalized decision matrix by
incorporating the weights presented in Table 22. The model then executes the remainder of
the TOPSIS method, as identified in Chapter 3, and presents the solution values for each

alternative, shown below in Table 24.
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Solvent

Table 24. TOPSIS Ideal Solutions
Negative-Ideal

Ideal

Solution

Solution

Case Stud
Distance to
Ideal Solution

Distance to Negative-

Ideal Solution

DMSO 0.128 0.121 0.077 0.151
DMF 0.094 0.189 0.134 0.147
NBP 0.094 0.189 0.147 0.134
Arl100 0.046 0.193 0.041 0.170

Utilizing the results of the distances from the ideal and negative-ideal solutions, a
TOPSIS score is generated. The alternative with the highest score is given the rank of 1, as
the best alternative. Figure 16 presents a bar chart of the TOPSIS scores depicting Ar100
as the alternative solvent with the highest TOPSIS score. This method and resulting score
is the basis of evaluation of the validity of the hypotheses, on how incorporation of

regulatory and time-to-market criteria impact alternative rankings.

TOPSIS SCORES - Agriculture Case Study

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

TOPSIS_Score

B DMSO mDMF mNBP ®Ar100

Figure 16. Alternative Solvent TOPSIS Scores.

Utilizing this method, which incorporates components of the EPA regulatory

chemical prioritization process and estimates the total time to market, provides additional

62



information for decision-makers on product reformulation. An in-depth analysis of these
results will be presented in the next section.
4.4 Analysis

The results of the incorporation of time-to-market and regulatory classification into
a decision-making model can provide a way to evaluate alternative chemicals for product
reformulation. The process employed for determining the best replacement solvent based
on the above-mentioned criteria resulted in Aromatic 100 being calculated as the ideal
solution. It should be noted that the ideal solution is purely based on the criteria under
which it is evaluated, and the two prominent ones are time to market and EPA regulatory
designation.

Previously discussed was that for the TOPSIS model, equal weights were
established as the basis for execution in generating the normalized decision matrix. An
analysis of the weights employed and their resulting impact on the final alternative ranking
is presented below.

Monte Carlo simulations were conducted to assess the impact of changing the
weights for Tm, and EPA Priority, and the results are shown in Figure 17 and 18,
respectively. For the analysis, 500 simulations were conducted for each of the alternatives,
generating 2,000 data points. Consideration was given to increase simulation count,
however, as represented in the below graphs, the model reached convergence in the selected

simulation count.
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Monte Carlo Sensitivity Analysis of Tm Weight

TOPSIS Scors
|
|

Weight Assigned to Tm

Figure 17. Monte Carlo: Time-to-market weight.

As shown in Figure 16, the ranking order remains steady for Ar100 and DMSO, as
they consistently rank first and second, respectively, throughout the model. For the other
two chemicals, four inversions occur over the simulations where they trade spots in third
and fourth place.

For the EPA Priority weight Monte Carlo analysis, a different trend occurs. There
is a visual increase in TOPSIS score as the simulations continue, and the EPA priority
weights increase for Ar100 and DMSO as seen in Figure 18, as they maintain first and
second place, respectively. There is a single inversion that occurs between DMF and NBP
as the EPA priority weight approaches a value of 0.23; the DMF TOPSIS score falls below

the increasing value for NBP as it overtakes DMF with a third-place ranking.
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Monte Carlo Sensitivity Analysis of EPA_Priority Weight

Weight Assigned to EPA_Priority

Figure 18. Monte Carlo: EPA Priority weight.

An inference can be made that as the weight of EPA priority increases, the selected
alternatives whose estimated EPA priority designation is presumed to be “high” will veer
to the bottom of the rankings.

4.5 Case Study Conclusions

This case study aimed to evaluate four alternative solvents to replace an incumbent
solvent, Xylene, in an agricultural pesticide EC formulation. It incorporated a method for
estimating chemical regulatory designation and total time-to-market, examining how these
two factors influence overall solvent selection in the reformulation process. The method
scales to evaluate large numbers of alternatives for product reformulation activities.

There is ambiguity in the research domain regarding product development and
reformulation in relation to industry chemical processes. With ever-changing regulations,
this praxis addresses a gap in incorporating enumerated regulatory assessment models as a
criterion for analyzing product reformulation activities. For this case study, there is a clear

best selection, Aromatic 100 to replace Xylene in the original formulation.
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Chapter 5: Results

Utilizing the case study, this chapter provides an evaluation and analysis of the
research hypotheses presented in Chapter 1. A summary of the results of each hypothesis
is presented below in Table 25, with two of the three hypotheses being supported by the
framework model. The remaining sections will discuss each hypothesis result in detail,

focusing on the method of analysis and significant variables of the model.

Table 25. Summary of Hypotheses Results.

Hypothesis Supported Key Result Method Significant Variable
Supplier Involvement is .
H1 No L e ANOVA Supplier Involvement
H2 v Ranking changed with EPA TOPSIS + Criteria weighting
s Priority Inclusion Monte Carlo sensitivity
H3 Yes 0.02834097 Monte Carlo | L0 Risk via triangular
distribution

5.1 Hypothesis 1

HI: Time-to-market is most influenced by the age of the chemical being utilized as a

replacement for the incumbent.
5.1.1 Evaluation of Research Data: Hypothesis 1

The data collection aspect required to address this hypothesis was an extension of
the work of Yassine & Souweid’s (2023) product development model. Chapter 3 of this
praxis presented the method that would be utilized to adapt the design phases of product
development (System Design, Detailed Design, Testing & Integration, and Marketing), for
use in industrial chemical product reformulation activities by redefining the parameters of
complexity (1), newness (p), and supplier involvement (a). Each parameter, which can take

on the values low, middle, or high, serves as an input to Equation 3—the model’s objective
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function designed to maximize value, with newness being the parameter currently under
examination, as it reflects the relative age of a chemical.

R Studio was employed to perform the optimization and to compute the
corresponding values of time-to-market, Tm, based on the qualitative categorizations of the
input parameters. The resulting outputs from all parameter combinations were compiled
for further analysis.

5.1.2 Analysis: Hypothesis 1

To analyze the potential impact of chemical age on time-to-market, all parameter
combinations were generated using R Studio. Figure 19 below shows a heat map
visualization of all 27 combinations, classified by value of low, middle, and high newness.
The values range from a minimum of 0.3395 to a maximum of 0.5726. A visual inspection
of the heat map reveals that a concentration of high Ty values is clustered in the low
newness category; this provides initial insight into the possibility of the influence of

newness on time-to-market.

Newness (J): Low Newness (p): Medium Newness (p): High
0.55
2 05480 05515  0.5572 % 05516 05475 2 05548 05343 05429
0.50
. s .
S € s & -
s 3 s 3 05280  0.5209 £ | 08556 04911 04646 10.45
=% x x T =Y =
3 3 3
@ @ [
0.40
H 05382 05179 % 05468 04473 04022 2 05218 03901 03395
0.35
Low Medium High Low Medium High Low Medium High
Complexity (A) Complexity (A) Complexity (A)

Figure 19. Heat map of Ty values by Newness (1) value.

Statistical analysis was completed to view the range and standard deviation of the
samples within the low, middle, and high newness classifications, which is reflected in

Table 26. When the newness category is low, it has the smallest delta (for this work, delta
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is the sample range) and the smallest standard deviation, which suggests that this category
would have a higher average (Twm) value.

Table 26. Statistical Analysis of Ty values by Newness value (Samples).

Newness (n) Tm Value
(Sample)
Low Middle | High
Min 0.5179 | 0.4022 | 0.3395
Max 0.5726 =~ 0.5646 @ 0.5556

Delta (A) 0.0547 | 0.1624 | 0.2161
St. Dev 0.0172 = 0.0562 @ 0.0771

The analysis conducted thus far has focused solely on the category classification of
newness and its associated samples, rather than the entire data set, encompassing all 27
combinations. Table 27 presents the statistical data for all combinations. For the entire
population, the range and standard deviation exhibit more variability than the consolidated
sampling ratings. This inherent variability must be considered when evaluating the

potential impact of a low newness rating on producing larger time-to-market values.

Table 27. Statistical Analysis of Tu values (Population).
Twm Values
(Population)

Min 0.3395
Max 0.5726
Delta (A) 0.2331
St. Dev 0.0591

Further inspection of the 27-combination population of Ty values was conducted
by creating box plots of the Twm values for each parameter, over the corresponding ratings.
These box plots, Figures 20, 21, and 22, detail the statistical information, including min,
max, quartiles, and outliers. Analyzing the figures for supplier involvement (o) and
newness (W), it appears that over the population, the influence on Twm is guided by high

values of supplier involvement or low values of newness. To further evaluate which
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parameter has the potential to influence time-to-market, an analysis of variance (ANOVA)

was conducted.

T\ values for category of Supplier Involvement (a)
0.6

0.55 i _;(_ =
05 y L

0.45

0.4

0.35

0.3

low middle high

Figure 20. Box Plot of Population Ty values by Supplier Involvement (o) rating.

Ty, values for category of Complexity (A)

0.6
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Figure 21. Box Plot of Population Ty values by Complexity (1) rating.
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Figure 22. Box Plot of Population Ty values by Newness (u) rating.

A three-way ANOVA was calculated using R Studio, with the results presented
below in Table 28. For this evaluation, a p-value < 0.05 is considered the threshold for
significance. The product development parameters all have p-values that are less than 0.05,
yielding a significant level of impact on Tm values.

The p-value for supplier involvement (o) has the lowest value, which equates to it
having a stronger effect on time-to-market. Additionally, with the residuals from the

ANOVA being low, there is less unexplained variability not attributed to the evaluated

parameters.
Table 28. ANOVA Results (R Studio).
Effect Df Sum Sq Mean Sq F value Pr(>F)
mu_level 2 0.01906032 | 0.00953016 @ 5.95692741 | 0.00934345
lambda_level 2 0.01478675 | 0.00739337 | 4.6213068 | 0.02239433
alpha_level 2 0.02834097 | 0.01417048 8.85741215 | 0.00175865
Residuals 20 0.03199689 | 0.00159984

5.1.3 Results of Analysis: Hypothesis 1
The results of this analysis of the first hypothesis did not support the assertion that

the age of the chemical, newness (i), most influences time-to-market. The adaptation of
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the product development model for use in industrial chemical product reformulation
consisted of re-defining three critical model parameters: newness (W), supplier involvement
(a), and complexity (A). The most influential element in generating higher time-to-market
values for industrial product reformulation is supplier involvement. It should be noted that
all parameters are significant, and that supplier involvement narrowly edged out newness
for the most significant impact on time-to-market (Tnm) with a p-value of 0.00176 versus
0.00934, respectively.

5.2 Hypothesis 2

H2: Inclusion of EPA chemical prioritization designation in MCDM models

significantly influences the ranking of reformulation alternatives under varying

weighting assumptions.
5.2.1 Evaluation of Research Data: Hypothesis 2

Data to evaluate Hypothesis 2 was collected from the framework tool designed by
the researcher. This methodology for this framework was to combine an adapted chemical
prioritization method used by the EPA to classify chemicals for further risk evaluation,
coupled with implementing TOPSIS as the MCDM model, as detailed in Chapter 3. The
alternatives selected for the case study from Chapter 4 are used for data generation and
subs analysis.

The use case seeks to utilize the framework to replace the solvent Xylene with four
different alternative chemicals, Ar100, DMF, DMSO, and NBP, in an emulsifiable
concentrate (EC) agriculture pesticide formulation. Chapter 4 presents the values
associated with the time-to-market component and EPA prioritization substance

designations (Table 23) that were used as inputs into the model.
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To establish a baseline, the framework developed will exclude the parameters of
EPA Priority and EPA Risk in the execution of the model, leaving only two criteria for
analysis, Tm and cost. Additionally, equal weights will be established for the two criteria
for the base case. The alternative framework rankings and framework TOPSIS scores for
the base case model, incorporating the four selected alternatives without the incorporation
of regulatory criteria, are presented in Tables 29 and 30, respectively.

Table 29. Framework Rankings (Baseline: two criteria, equal weights).

id mean rank sd rank min rank max rank range rank
Ar100 2 0 2 2 0
DMF 1 0 1 1 0
DMSO 3 0 3 3 0
NBP 4 0 4 4 0

Table 30. Framework Scores (Baseline: two criteria, equal weights).

id mean_score sd_score min_score max_score range score
Arl100 0.7189 0.0000 0.7189 0.7189 0.0000
DMF 1.0000 0.0000 1.0000 1.0000 0.0000
DMSO 0.4744 0.0000 0.4744 0.4744 0.0000
NBP 0.0000 0.0000 0.0000 0.0000 0.0000

The framework rankings in Table 29 present DMF as the ideal alternative
replacement for Xylene, with a ranking of one, and NBP as the least ideal replacement with
a ranking of four. The ranking is determined by the TOPSIS scores (sometimes referred to
as a closeness coefficient), and the alternative with the highest score receives the highest
ranking, as shown in Table 30.

Gathering additional data to evaluate the second hypothesis required implementing
the third criterion into the baseline framework, the EPA Priority. The methodology to
calculate the EPA Priority criteria was introduced in Chapter 3. The results of the addition

of EPA Priority criteria into the model based on the use case are provided in Tables 31 and
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32. The framework still employed an equal weights methodology for the TOPSIS
component with the additional criteria.

Table 31. Framework Scores — (EPA Priority included; equal weights).

id mean_score sd score min score max score range score
Arl100 0.7742 0.0000 0.7742 0.7742 0.0000
DMF 0.6090 0.0000 0.6090 0.6090 0.0000
DMSO 0.6030 0.0000 0.6030 0.6030 0.0000
NBP 0.3910 0.0000 0.3910 0.3910 0.0000

Table 32. Framework Rankings — (EPA Priority included; equal weights).

id mean rank sd rank min rank max rank range rank
Ar100 1.0000 0.0000 1.0000 1.0000 0.0000
DMF 2.0000 0.0000 2.0000 2.0000 0.0000
DMSO 3.0000 0.0000 3.0000 3.0000 0.0000
NBP 4.0000 0.0000 4.0000 4.0000 0.0000

Initial comparison of the data between the baseline and three-component
framework model shows a change in the rankings for the alternative solvent, with Ar100

unseating DMF as the ideal alternative, as depicted below in Figures 23 & 24.

TOPSIS Score vs Rank for Each Alternative (BASELINE - equal weights)
1 ®

N

Alternative
& Ar100

& DMF
£ DMSO
< NBP

TOPSIS Rank (1 = Best)

w

+—@

0.00 0.25 0.50 0.75 1.00
TOPSIS Score

Figure 23. TOPSIS Rank v TOPSIS score for Framework (Baseline: two criteria, equal
weights).
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TOPSIS Score vs Rank for Each Alternative (EPA Priority - equal weights)
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Figure 24. TOPSIS Rank v TOPSIS score for Framework with EPA Priority, and equal
weights.

The next section will analyze the change in rankings as it relates to the two
components of the criteria: introduction and criteria weighting.
5.2.2 Analysis: Hypothesis 2

The research data for hypothesis two presented that there indeed was a change in
the rankings from the addition of a third criterion, EPA Priority, in the framework tool for
industrial product reformulation. The baseline case and updated model case revealed a
swapping of the rankings of 1 and 2 between DMF and Ar100. The addition of a single
criterion to be implemented in the framework had a two-fold impact; the addition also
required a change in the weighting structure for the criteria. The overall construction of
equal weights was maintained; however, the mathematical values had to be reduced.

Rankings are the desired output for this model, but the analysis of the model needs
to be assessed by evaluating the TOPSIS scores or closeness coefficients. The percentage

change in the TOPSIS scores between the baseline and the framework with EPA Priority
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shows an 8% increase in TOPSIS scores for Ar100, but DMF had a negative 39% decrease,

as reflected in Table 33.

Table 33. % Change in TOPSIS Scores (Baseline / Framework + EPA Priority).

Framework + EPA %
Alternative Baseline Priorit Change
Ar100 0.719 0.774 8%
DMF 1.000 0.609 -39%
DMSO 0.474 0.603 27%
NBP 0.000 0.391 -

To continue analyzing hypothesis two, a Monte Carlo simulation was conducted
using R Studio to vary the criteria weight with 500 simulations for each of the alternatives,
yielding 2,000 total simulation data points. In the model, the weights were appropriately
normalized following the random number generation. Figure 25 & Table 34 provide a
visual representation and quantitative details, respectively, of the impact of varying Tm

weights across the two criteria baseline model.

TOPSIS Scores over Tm weight (BASELINE)
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Figure 25. TOPSIS Scores v Ty weight for baseline (two criteria).
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Table 34. Baseline TOPSIS Scores (Monte Carlo Simulation — varied Tyy).

I i e e e
Ar100 0.720 0.002 0.718 0.738 0.020

1.000 0.000 1.000 1.000 0.000
DMSO 0.474 0.002 0.456 0.475 0.019
NBP 0.000 0.000 0.000 0.000 0.000

The visualization presents a stable ranking of the alternatives over the varied Twm
weights for the simulation, with DMF maintaining a ranking of one, followed by Ar100,
DMSO, and NBP. Next, an analysis of the inclusion of the EPA Priority criterion in the
Monte Carlo simulation reveals a change, as shown in Figure 28. The original rankings for
the equal-weight EPA Priority framework model, as presented in Table 39, are maintained.
However, Figure 26 shows more variation in TOPSIS scores for the second and third

rankings of DMF and DMSO, respectively.

TOPSIS Scores over Tm weight (EPA Priority)
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0 R i —
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o =~ NBP
-

0.25

0.25 0.50 0.75 1.00
Tm weight
Figure 26. TOPSIS Scores v Ty weight for Framework + EPA Priority Criteria (Monte
Carlo).
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The fluctuations in scores for this model are evident in Table 35, which presents the
statistical information for the four alternative scores. Rankings two through four have large
ranges and moderately high standard deviations.

Table 35. TOPSIS Scores for Framework + EPA Priority Criteria (Monte Carlo
Simulation — varied Tw).

id mean _score sd score min score max score range score
Arl100 0.7945 0.0592 0.7205 0.9490 0.2285
DMF 0.5788 0.1762 0.1634 0.9151 0.7517
DMSO 0.6333 0.1099 0.4791 0.9064 0.4274
NBP 0.4212 0.1762 0.0849 0.8366 0.7517

Evaluation of the impact of changes in the assigned weight for the newly included
criteria, the EPA Priority was considered. The initial findings on weight variations for time-
to-market provided guidance on how the inclusion of criteria altered rankings and how the
weights of those criteria impacted the rankings. In Figure 27 below, we can see the results
of the framework simulation, with drastic changes in the rankings as the EPA priority
weight is increased. Initially, when the EPA Priority weight is low, DMF secures the

number one ranking; however, it quickly descends as the criteria weight increases.

TOPSIS Score vs EPA Priority Weight

1.00

0.75

Alternative

TOPSIS Score
2
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— g wor —_ —
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0.25 0.75 1.00

EF’G:OPriority Weight
Figure 27. TOPSIS Scores v EPA Priority weight for Framework + EPA Criteria (Monte
Carlo).
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Subsequently, the TOPSIS values of the other three alternatives begin to increase
as the EPA Priority weight increases, until around a value of 0.71, at which point additional
ranking changes occur. This case presents the largest standard deviations and ranges for
TOPSIS scores depicted in Figure 27. Additionally, Table 36 provides the statistical data
for the ranks across all simulations, and we are presented with large standard deviations

for NBP and DMF, while Figure 28 presents a boxplot.

TOPSIS Score Distribution (EPA Priority Varying)
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Figure 28. Box Plot (Alternative v TOPSIS Score: Framework + EPA Criteria).

Table 36. TOPSIS Rank Summary Framework (varied EPA Weight — Monte Carlo).

id mean rank sd rank min rank max rank range rank
Ar100 1.8220 0.8966 1.0000 3.0000 2.0000
DMF 3.1740 1.1809 1.0000 4.0000 3.0000
DMSO 2.2900 0.4586 1.0000 3.0000 2.0000
NBP 2.7140 1.2631 1.0000 4.0000 3.0000

5.2.3 Results of Analysis: Hypothesis 2
The results of the analysis of the second hypothesis did support the assertion that
the inclusion of the EPA Prioritization designation in the framework tool significantly

influences the rankings of reformulation alternatives under varying weighting assumptions.
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The initial baseline model has two criteria, cost and Twm. Incorporation of a Monte Carlo
simulation to vary Tm demonstrated little change in the resulting rankings for the equally
weighted baseline model, and the EPA Priority included case with varied time-to-market
weights did show some changes in alternative ranking with large values of standard
deviation around the mean score for three out of four alternatives (Table 35).

EPA Prioritization weighting was addressed similarly, utilizing Monte Carlo
method to vary its weight and assess the impact on the resulting alternative rankings. This
analysis presented the largest changes in the alternative rankings for various weights for
EPA Priority, with large values for TOPSIS score standard deviations and increased score
ranges further substantiating hypothesis two.

5.3 Hypothesis 3

H3: An MCDM framework that incorporates EPA prioritization, risk, and time-to-

market will outperform traditional MCDM methods in selecting optimal

reformulation alternatives.
5.3.1 Evaluation of Research Data: Hypothesis 3

The full framework model will be utilized for hypothesis 3. This model builds upon
the structure from Section 5.2.1, as EPA Risk is now incorporated as the fourth and final
criterion to be used in the industrial chemical product reformulation framework tool. The
case study presented in Chapter 4 will generate the data for this section. The base MCDM
method for reference was established in Section 5.2.1 — the baseline model of a two-
criterion TOPSIS model utilizing cost and time-to-market as criteria with equal weighting.

For reference, Figure 29 presents the baseline equal-weights model TOPSIS scores

versus Rankings. There are no summary statistics presented for this case as the weights are
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equal, and this is a singular evaluation of the four use case alternatives. This model

incorporates Tm, Cost, EPA Priority, and EPA Risk criteria. Chapter 4 provides insight into

the two evaluation methods for EPA Risk. The baseline full model case will assign the

worst-case value for EPA Risk to an alternative if the EPA Priority substance designation

is considered high priority. A more dynamic approach is implemented for model analysis

with the inclusion of a triangular function to vary EPA Risk values from the qualitative low,

medium, and high designations.

Best)

TOPSIS Rank (1

TOPSIS Score vs Rank for Each Alternative (BASELINE - equal weights)
1 @

[X)

Alternative
Ar100

& DMF
& DMSO
NBP

w

0.00 0.25 0.50 0.75 1.00
TOPSIS Score

Figure 29. Baseline equal-weight TOPSIS Rank v Score.

The full framework model was executed using equal weights, with each criterion

assigned a weight of 0.25. This was a single calculation, and the results of the TOPSIS

Score versus TOPSIS Rank for the full framework model are detailed in Figure 30.
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TOPSIS Score vs Rank for Each Alternative (FULL MODEL EQUAL WEIGHTS)
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Figure 30. Full Model equal-weight TOPSIS Rank v Score.

The initial inspection of the data reveals two different rankings of the four
alternatives, with NBP being the only alternative that retains the same value in both equal-
weight calculations. Section 5.3.2 will further analyze this to provide a better
understanding.

5.3.2 Analysis: Hypothesis 3

Monte Carlo simulation methods were utilized to generate Figure 31 & 32 which
represent full framework model TOPSIS scores versus varied weights of Tm and EPA
Priority, respectively, to build upon the understanding of criteria weighting implications
from Section 5.2.1. In both plots, trendlines for the top two scores are roughly parallel with
no overlaps. The lower two rankings depict inversions, in both plots. There were three rank

inversions in Figure 31 and a single inversion in Figure 32.
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TOPSIS Scores over Tm weight (FULL MODEL)
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Figure 31. Full model TOPSIS Scores vs Ty weight variations.
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Figure 32. Full model TOPSIS Scores vs EPA Priority weight variations.

An evaluation on the use of incorporating a triangular distribution for the value of

EPA Risk pending a EPA Priority designation of “high” was implemented to consider the

various change in rankings for the three situations of risk mitigation options the EPA can

implement on a chemial: no restrictions, moderate restrictions, full restrictions/banning. In

82



Figures 33 & 34, the Monte Carlo simulation introduced the triangular distribution for EPA

Risk while varying the Tm and EPA Priority weights, respectively.

TOPSIS Scores over Tm Weight - FMT
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S Alternative
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2 ~ DMF
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O
'_
0.25
0.25 0.50 0.75 1.00
Tm Weight
Figure 33. Full model TOPSIS Scores vs Tv weight variations (EPA Risk = Triangular
distribution).

In Figure 33, the TOPSIS scores are close up to a Tm value of > 0.32, where the
scores show separation. For Figure 37, with low EPA Priority weights, the TOPSIS value
for the ranked alternative, Ar100, continues to rise as EPA Priority weights are increased,
as well as for DMSO and NBP. The TOPSIS score and subsequent ranking for DMF begin

to decrease with an increase in EPA Priority weighting, shifting from a second-place

ranking to fourth place, as represented by the trendline.
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Figure 34. Full model TOPSIS Scores vs EPA Priority weight variations (EPA Risk =
Triangular distribution).

Statistical analysis was conducted for the four cases presented and summarized in
Table 37. To enhance the visualization of the results, cells in the table are color-coded, with
green representing a rank of one, yellow representing a rank of two, orange representing a
rank of three, and red representing a rank of four. A base model of two criteria (Cost and
Twm) selected DMF as the best alternative. Model consistency exists for the average rankings
compared to the base model rank. The base model, which does not account for regulatory
changes, presents DMF as the best alternative; however, in the models that include
elements of the regulatory changes, DMF consistently ranks in third place, and the ranking
of DMSO moves up to second place.

Table 37. Ranking Summary Comparisons of Full Framework Model.

Full Model Triangular Dist
(EPA Priority varied)
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Bent Full Model (Ty varied) Full Model (EPA Priority varied)
an|
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Change sd_ran = Change Change
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Across all models, NBP was consistently ranked as the least preferred alternative,
with a consistent relationship between the percent ranking change and standard deviations
for both equal-weight and triangular distribution analyses.

5.3.3 Results of Analysis: Hypothesis 3

The results of the analysis of the third hypothesis did support the assertion that an
MCDM framework that incorporates EPA Prioritization, EPA Risk, and time-to-market will
outperform traditional MCDM methods in selecting optimal reformulation alternatives.
The inclusion of EPA Prioritization and EPA Risk criteria into the model provides an
enhanced method for alternative selection, with slight variation present in overall rankings
from the use of an equal weighting strategy for criteria compared to variations in weights
for the time-to-market criteria. Additional research can be done to understand the impacts

of EPA Priority weighting, as significant changes in rankings were observed.
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Chapter 6: Conclusions

6.1 Conclusions

The industrial chemical product reformulation framework was established to
address a gap identified in literature at the intersection of product development and
regulatory inclusion in MCDM methods. In work by Rane et al (2023), the authors detail
different MCDM techniques that emphasize sustainable development with agriculture
being a prominent example in the research; however, their analysis along with others say
little to nothing about inclusion of chemical regulations into the model as a criteria (Rane
et al, 2023). Designing formulated products requires coordination among multiple groups
and careful consideration of trade-offs related to economics, environmental impact,
marketing, and chemical/physical property analysis (Taifouris et al., 2019). Developing a
holistic model that integrates all of these factors can be challenging, but presents a gap in
the literature that this praxis focuses on addressing.

The conclusions from the hypotheses of the construction of a framework for
optimizing decision-making for regulatory-driven product reformulation are outlined
below:

1. Hypothesis 1: The analysis did not support the hypothesis that chemical age
is the primary driver of time-to-market in industrial product reformulation.
Instead, supplier involvement emerged as the most influential factor, followed
closely by newness, with both parameters showing statistically significant

impacts.
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2. Hypothesis 2: Incorporation of EPA prioritization into the decision-making
framework significantly influences the ranking of reformulation alternatives
under varying weighting conditions. Monte Carlo simulations showed
minimal impact from changes in time-to-market weights, while adjustments
to EPA prioritization weights resulted in substantial ranking shifts, marked
by increased TOPSIS score standard deviations and broader score ranges.

3. Hypothesis 3: Incorporating EPA prioritization and risk criteria into the
model offers a more robust approach for selecting alternatives, showing
minimal changes in overall rankings when using equal weighting, especially
compared to the greater variability observed with changes in time-to-market
weighting.

Accordingly, each of the three hypotheses was mapped to a corresponding research
objective. The resulting conclusions from these objectives are detailed below:

1. Research Objective 1: An adaptation of the product development model
for product reformulation determined that complexity and newness
contributed more to higher time-to-market values. This model was
validated by enumeration of the options and statistical analysis.

2. Research Objective 2: The inclusion of the EPA Priority criteria in a
TOPSIS model presented significant impacts on the alternative ranking.
This was validated by comparison to a standard TOPSIS model without
regulatory criteria and assessed under equal-weighting of criteria.

3. Research Objective 3: The full framework model that includes time-to-

market, cost, EPA Prioritization, and EPA risk criteria was executed
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utilizing a case study to replace a component, xylene, of a pesticide EC
formulation. The model was validated utilizing statistical methods and
Monte Carlo simulations around criteria weights.

The primary conclusion drawn from the research objectives and hypotheses is that
a decision tool incorporating regulatory criteria enhances decision-making in selecting
alternatives for product reformulations. The adaptation of product development model,
primarily used in the tech industry, to estimate time-to-market for the chemical industry
address a literature gap. Additionally, the incorporation of regulatory changes in a MCDM
model presents a starting point for further research that is supported by long standing
research on governmental regulation implications on industrial product development, but
that have not generated an applied model.

Innovation is required in new product development and product reformulation, but
innovativeness cannot displace or dismiss regulatory compliance that industries and
businesses are required to adhere to for human health and environmental safety. Staying
ahead of the impending regulatory changes and initiatives is a form of innovation, known
as dynamic capabilities theory or regulatory foresight (Teece et al, 1997; Calvani & Cargill,
2005).

6.2 Limitations

The research conducted on the inclusion of regulatory initiatives for product
reformulation activities required a focus to execute a model within the timeline for this
praxis. Selection of the industrial chemical segment refined the overarching industries that

can be used in the analysis and development of the model, albeit still a broad category with
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nuanced methods for product reformulation. To test the model, the agriculture industry was
selected, with specific emphasis on EC liquid product formulation for crop protection.

Limitations existed in the execution of the case study in the following areas:

1. Physical property analysis
2. Characterization of EPA Risk
3. Resourcing & Public/Industry interaction

Physical properties are attributes that define a chemical. In chemical product design
and formulation, the blending or mixing of chemicals generally can create a product that
has widely different properties from the individual components. Additionally, similar
chemicals in the same category or classification can have slightly different physical
properties, which can lead to differences in the product performance if substituted. This
lead to assumptions in the framework development that similar chemicals will behave and
work appropriately, which may not be true. Additionally, the validity of the formulation
was not conducted as tests such need to be conducted.

EPA Risk characterization is a procedural evaluation of a chemical that is
designated as a high-priority substance. The EPA conducted a risk assessment that
evaluates the properties of the chemical, exposure, and health concerns. This work is
conducted by a panel of experts, with the resulting work being a final ruling on how the
chemical can be used. For this work, three classifications were created to qualify the
potential outcomes that can be delivered to a chemical.

With all organizations, resources play a pivotal role in the success of any activity
to be executed by the organization. The amendments detail a time frame for evaluation of

and final rulings for high-priority designated chemicals, however, those timelines can slip
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due to changes in resourcing, administration and focus. Additionally, the impact of the
public comment period and industry chemical groups can influence decisions and eventual
rulings, which is not accounted for in the framework tool.

These include but are not limited to physical and chemical property adjustments
and the associated interactions, or final product tests that need to be conducted, such as
stability, freeze/thaw, or other standard testing procedures pertinent to the applied industry.
6.3 Future Work

The framework presented in this research demonstrated the need to include
chemical regulatory criteria in product development and reformulation decision-making.
This work has addressed a need for regulatory driven alternative selection methods for
product reformulation activity but should be considered a starting point for continued
research:

1. Expansion of Industrial Case Studies

2. Property Simulation & Computer modeling
3. Hybrid Model for Criteria Weights

4. Incorporation of other Regulatory Agencies

The framework is presented as an adapted model that can be used in multiple
industrial chemical sectors. To enhance the efficacy of its use, applying the model in
multiple case studies in different areas such as Oil & Gas, Industrial Cleaning, or Coatings.
Model expansion into other industrial sectors can provide insight into industry specific
criteria weights.

Research has documented the complexity of formulation science in product

development in relation to industrial products. Product formulation is a combination of
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individual molecules that are combined to create a desired performance to solve a problem.
Incorporation of the physical chemistry parameters of the alternatives under consideration
can be useful in assessing the efficiency of the end product. Computer simulation software
is used to simulate product properties and can be utilized to understand the compatibility
of each alternative. This could resemble the addition of a compatibility or simulation score
for use in the framework, which would enhance the resiliency of this model.

The results of this research concluded that criteria weighting had a significant
impact on the resulting alternative rankings. The framework model used equal weights as
a method to evaluate the relationship of inclusion of the EPA Priority designation criteria.
Further work can be done to incorporate expert judgement for the criteria weights to be
used in the TOPSIS model. This can be done utilizing the Analytical Hierarchy Process
(AHP), creating a hybrid model. Existing research has shown hybrid models used
successfully, especially an AHP-TOPSIS or FAHP-TOPSIS model, by using AHP / FAHP
to establish the criteria weights that are incorporated into the TOPSIS model. The
incorporation of expert weights via pairwise comparison could enhance the resiliency of
the model.

The presented framework identifies a methodology for US regulatory inclusion, but
future work should incorporate additional governmental, country specific regulations to
enhance the robustness of the model. For example, the European Chemicals Agency
(ECHA) and Regulation, Evaluation, Authorization and Restriction of Chemicals
(REACH) are governing bodies that present stipulations for chemical use in the European

Union (EU). In the EU, N-methylpyrrolidone (NMP) has been banned in certain
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application, however, in the United States a final ruling is still in the process of being

determined (EPA, 2024).
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Appendix A

R Studio and Excel files can be accessed on GitHub via: https://github.com/bshaw-
gwu/regulatory-framework.git
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Appendix B

The evaluation of alternative Hazard, Exposure, and Persistence ratings were generated
utilizing the methods in the TSCA Work Plan Chemicals: Methods Document, which is

be accessed at the below website:

https://www.epa.gov/sites/default/files/2014-

03/documents/work _plan_methods_document web_final.pdf
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