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Abstract

In recent years, hemical engineersn the Process Systems Engineering (PSE)
community haveincreasinglybeenusng their skill set tosolve problems in areas beyond the
chemical manufacturing processés;using nstead on thehemical products themselves. This
trend reflects a movement within the field to meet the demands of an increasingly competitive
and global consumer products marketplace that stresses being the first toimadgtiction
with being the hghest volume and lowest cost manufactureBy definition, diemically
formulated productsieliver specific attributes to the consumer by manipulatngultitude of
separate and often competing mechanigmmolecular architecturéhat operate over a wide
range of length and time scaleBxamples of chemical products include performance chemicals,
paints, cosmetics, pharmaceuticals, proteins, semiuctors, and foods, among othetske
process design, computer aided chemical product design is a copmpgamming problem.
Generating, ntegraing, and managing the information, data, and knowledge at multiple length
scales for use in various types of product design problems is a significant undertakieg. T
traditional approach to managing the complexof this problem has been to compute
information at smaller length scales and pass it to models at larger length scales by removing
degrees of freedom (coargeaining) with the objective being to predict macroscopic properties
from molecular information While often the most accurate method for predicting properties,
this simulated approach has two limitations: (1) it has an immense computational cost due to
hierarchical nesting and (2) it utilizespriori knowledge of the molecular architecture (tlee

number and types of atoms or electrons present). This dissertation covers the development of a



novel, alternative approach that all ows for
molecular architecture across multiple scales using a reveoddepr formulation, property
clustering, and decomposition techniques. The developed framework is specifically designed to
utilize experimental data, parameters, and models since the effectiveness of a chemical product is
most often determined by consunagtributes based on consumer preference tests.

In this work, three specific methodologies are developed. The first method, Attribute
Computer Aided Mixture (Blend) Design (aCAD)) is an extension of Computer Aided Mixture
(Blend) Design (CAMD) andincludes experimental data and regression models, specifically
Scheffe canonical and Cox polynomial models. Necessary adjustments to the original clustering
algorithm are identified and the design method is rewritten accordingly. The end result is a
method capable of performing a mixture design on any chemical constituent data set across
multiple lengthscales,aslong as accurate attribut®mponent modelsan beestablished. A
case study mixture design of spun yarn is presented to illustrate the method.

The second method developed is Attribute Computer Aided Molecular Design (aCAMD).

It is an extension of Computer Aided Molecular Design (CAMD) to include experimental data
and regression adels, while continuing to useraup contribution method (GCM) based
property models. Theechniqueuses design of experiments (DOE) to generate an attribute
property relationship and mathe attribute information into a property domain where molecular
design can proceed. Adjustments to the property clustering algaaithrmade to reflect the
new design approach. Thesultis a methodcapable of performing molecular design on any
attribute data seds long asa strong relationship betweattribute and property models can be
established. A case study involvittge moecular design of environmentally benign refrigerants

is presented to illustrate the method.



The third method developed is Characterizat®amsed Computer Aided Molecular
Design (cCAMD). It is a wholly new method that addresses the limitations of 40/
aCAMD, namelwydifficulty in finding suitable attributeeomponent and attribuggroperty models
for complex chemical products. The method uses characterization tools like infrared and near
infrared spectroscopy (IR/NIR) to generate a set of data frohemical constituent training set
and then applies decomposition algorithms like principal component analysis (PCA) to find the
underlying latent variable data structure. A parameterization of the data strudtura
characterization based group conttibn method (cGCM) follows. Attribute data is then
mapped into the latent domain using a separate principal component regression (PCR) or partial
linear regression on to latent surfaces (PLS) model. A molecular design is then performed in the
latent donain. The resulting method is capable of performing structured molecular design across
multiple scales for any system of attributes whose molecular architecture can be adequately
described by characterization methods. A case studiheparticle design opharmaceutical

excipients for an acetaminophen tablet is presented to illustrate the method.
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Chapter 1

Introductionto Process Systems Engineering

The focus of this dissertation is on the development of novel procgtesrsgngineering
(PSE) techniques for the design of chemical products having molecular architectures that exist in
multiple length scales. PSE is generally defined as the research and development of systematic
procedures for the design and operation @ngical process systems, from the molecular length
scale through the suppthainmegalength scale (Grossam and Westerberg 2000). It wastf
described in a Special Volume of the AIChE Symposium Series in 1961 and is primarily focused
on the design andptimization of macrescale process systems (Grossman and Westerberg
2000). The heart of PSE research is the discovery of concepts and models for the
computationally efficient prediction of the performance of a system of unit operations. Unit
operations(e.g. fluid flow, heat and mass transfer, thermodynamic phase behavior, reactions,
etc.) are basic steps in a process described by universal physical laws and may be used across all
chemical industries. It is common for a single process to contain reybtiptessing steps, and
each processing step to include multiple unit operations, resulting in a highly complex system.
As a result, PSE solution techniques demand the use of software simulators (e.g. ASpenONE
ProMax®, etc.) and/or mathematical solvdesg. GAMS®, MatLab®, etc.). In the chemical
engineering curriculum, PSE concepts are usually introduced as a senior capstone course that
pulls together the unit operation topics covered in earlier courses, making it a cornerstone of

chemical engineering.



Recently, many of thendustries that employ chemical engineers have experienced

increased global competition which has placed considerable pressure on their profit nkagins.

a number of companies has becomeapparent that its no longer sustaindd to manufacture

only commodity chemicals, defined as chemicals produced in bulk, having minimum variation
between manufacturerand simple molecular architecture. Traditionally, because of the
uniformity of commodity chemical products, any gains in prafargin were due tolinear
improvements in process configurations and production volume. However, with the increase in
global competition, linear improvements in process designot quick enough or large enough

to hold on to market share. As a réssliccessful manufacturesmse makinga nonlinear shift in

focus from process optimization ppoduct innovatiorby diversifying their product portfolios to
include more specialty chemical products. Specialty chemicals are produced in small quantities,
having simple or complex molecular architecture and large variation between manufacturers.
Examples of specialty chemicals include pharmaceutical ingredients, biocides, intermediates, and
many other types of specialty market products. By shifting focusdoufacture specialty
chemical products for niche markets, manufacturers can dominate market share, drive up prices
for their products, and offset pressure from global competitidfurther analysis othe
emergence of specialty chemical produstgrovidedin Section 2.1 and Section 2.2.

One of the interesting aspects of the shift toward specialty chemical products is that the
relationship between the molecular architecture of a specialty chemical and its physical and
chemical properties is often more ngplex than for a commodity chemical. Molecular
architecture, by definition, includes information related to atoms and bonds at the molecular
length scale as well as nanoscale, microscale, mesoscale, and macroscale structure information

related to aspectatio, crystallinity, morphology, and many more orientation specific



arrangements of chemical structure. A discussion of the length scales and their relationship to
specific molecular architecture$ interest to chemical engineesspresented in Sectich3.

Since the unique combination of the molecular architectural arrangements is often what
gives a specialty chemical its unique set of properties, developing a thorough understanding of
this relationship is vital. Research in this area has traditiobakn performed by the natural
sciences, but a compressed tittenarket schedule has brought it under the domain of chemical
engineers who seek to integrate it with conventional chemical engineering concepts. As a result,
research in chemical engineggihas broadened to include the quantification of the relationships
between physicathemical properties and molecular architecture. Simultaneously, the scope of
research in the PSE community has broadened to include the development of design tools meant
to utilize newly developed length dependent struepuoperty relationships. Unlike the design
of commodity chemicals, which have a known molecular architecture and limited raw material
options from which to build an optimum process configuration, tsegdeof specialty chemical
products does not have defined molecular architextareraw material sources. Instead,
specialty chemicals rely on a set of customer needs or consumer attributes to define the chemical
product. Developing techniques to disepand optimize the molecular architecture that delivers
these attributes is the focus of research in the PSE community and is discussed in more detail in
Section 2.4.

Depending on the nature of the molecular architecture, pmdiemhical properties,
andor consumer attributes, the design techniques employed can be largely experimental or
computational in nature. Experimental techniques are preferred when the molecular architecture

property relationship is poorly understood, the solution is in a valdastage, or high



computational costs preclude the use of computer aided methods. More detail on experimental
design techniques and their development in the PSE community is presented in Chapter 3.

Alternatively, computational design techniques are preferwhen the molecular
architectureproperty relationship is well defined, the design is in an exploratory stage, or
computational costs are reasonable. The PSE developed mathematical formulation of this
problem is presented in Section 4.1 and some upedylerty models are discussed in Section
4.2. Two recently developed computational design techniques, computer aided mixture design
(CAMPD) and computer aided molecular design (CAMD), are presented in Section 4.3 and
Section 4.4, respectively.

Beyond he two design approaches detailed in Chapter 3 and Chapter 4, PSE approaches
to product design and developméatveproceeded in onef threedirections: (1) the application
of macroscale systems techniques to other length scales, (2) the developmeantemfhmeques
specific to normacroscale domains, and (3) the development of tools capable of communicating
molecular architecture and property information between scales. Many authors have conducted
research in the extension of PSE techniques to othgthlestales, such as the work on the
supply chain at thenegacale by Grossman and Westerberg (2000) and the extension of the
conventional PSE formulation to the molecular scale by Gani (2004). Others have focused on
developing techniques specific to atparar scale, such as the prediction of crystalline structure
(Karamertzaniset al. 2009; Doherty and Green 2004) and protein structure (McAllister and
Floudas 2008) at the microscale. The third area involving the development of multiscale design
methodshas only recently come under focus of the PSE community and it is in this area that a

significant contribution has been made in this dissertation.



In Chapter 5, the motivation for the development of a PSE technique to aid in the design
of products withmolecular architecture existing at multiple scales is presented. Most authors,
such as Fermeglia and Pricl (2009), have approached this multiscale design problem in a similar
manner as the natural sciencesmputing information at smaller length scales @assing it to
models at larger length scales by removing degrees of freedom (goairseg). While often
the most accurate method for predicting properties, this simulated approach has two limitations:
(1) it has an immense computational cost dubi¢oarchical nesting and (2) it utilizespriori
knowledge of the molecular architecture (i.e. the number and types of atoms or electrons
present). The large computational cost typically prevents an accurate modeling of mesoscopic
structure such as theamphology of polymers without the use of constraints that significantly
limit the degrees of freedom in the simulation (Fermeglia and Pricl 2009). Furthermore, when
this method is integrated within the prodpcocess design framework, the computational
intensiveness exponentially increases yet again since each projected molecular architecture must
be simulated to determine its physicalemical propertiegHill 2004). To minimize the
computational cost in these types of problems, the property predsitdations are typically
approximated with constitutive equations based on structure descriptor models such as property
based group contribution (GCM), quantitative structure property/activity relationships
(QSPR/QSAR) using topological indices (TI), teeecnometric based models. The introduction of
structure descriptor models improves computational efficiency by avoiding nested simulation at
the cost of prediction accuracy. However, these structure descriptor models are still
computationally expensive wheutilized in design algorithms because of their often highly
nonlinear nature. Finding a method that addresses these limitations is a challenge and is

discussed in more detail in Chapter 5.



Chapter 6 introduces a framework that addresses the-snaleéchemical product design
challenges illustrated in Chapter 5. In particular, Gani (2004) andéider(2004) have shown
that the reverse problem formulation (RPF) can be used to circumvent computational limitations
by decoupling the constitutive equatgofrom the constraint and balance equations to identify the
property solution domain without committing to any componeatspriori (Gani and
Pistikopoulos 2002; Edest al.2003; Gani 2004) Theimprovement in omputational efficiency
is achieved by onlysolving the systems of equations for chemical products with molecular
architecture that reside in this property solution domain and is discussed in more detail in Section
6.1.

In addition to the reverse praoh formulation, the framework proposed in this
dissertation also makes use of the property clustering algorithm. The propestgricty
algorithm transformghysicatchemical propertiesto conserved surrogate property clusters that
can be described dynear mixing rules, even if the operators themselves are nonlinear. At the
heart of the algorithm is the use of transformation functions to linearize the expression for the
physicatichemical propertyi molecular architecture relationship so that the ituaif linear
programming can be applied to solve the design problem in the lower dimensional property
domain instead of the high dimensional molecular architecture space. A detailed discussion on
how the cluster transformation algorithm works is prés@nn Section 6.2. Algorithms for
conducting CAMD and CAMD with property clusters are presented in Sections 6.3 and 6.4,
respectively.

One of the most important aspects in the design of specialty chemical products is the
recognition that the effectivess of a chemical product is determined by how well it meets the

needs of the customer or consumer, not by molecular architecture or physical or chemical



properties. These needs are most often parameterized as consumer attributes and quantified
using conamer preference experiments. As a result, consumer attributes tend to be poorly
defined in terms of physical and chemical properties, making the design of chemical products
using conventional approaches a difficult task. To alleviate this ifssalissertation utilizes
experimental data, parameters, and models in the design of specialty chemical products with
molecular architecture that exists at multiple scales. The decision to use experimental data does
not, however preclude the use of more commuimysical and chemical propertie®hile the use
of data places constraints on the application range of the solutions, it does not prevent the
developed framework from being applied to systems described by solely deterministic
relationshipsdiscussed in Apendix A4 Further discussion of data driven design of chemical
products is presented in Chapter 6

Three methods to address the current limitations of multiscale chemical product design of
specialty chemicals based on consumer attributes are presetttedddissertation: (1) attribute
based computer aided mixture (blend) design (a®B(2) attribute computer aided molecular
design (aCAMD), and (3) characterization based computer aided molecular design (cCAMD).
Each of the developed methods utilizles reverse problem formulatioooperty clustering, and
consumer attribute data. Chapter 7 discusses the development of the’@@Adthod to
address situations where the attributes of interest are not conventional pblysioatal
properties and mixtess of chemical constituents with different molecular architectures will meet
the requirements of the chemical product. A case study on spun yarn of polymer filaments for
marine applications is presented to illustrate the method.

In situations where mixre design will not suffice, but attributes remain the drivers of

product performance, molecular design methodologies are utilized. Chapter 8 presents an



aCAMD method that first converts attribute data to traditional physioainical properties
describedoy well-defined molecular architecture models, and then generates candidate solutions
using a clustebased molecular design technique. The benefit of this approach is that chemical
products not present in the original training data set can be gensodted as they contain the
same underlyingmolecular architecture as the training data set. A case study design for an
environmentally benign refrigerant is used to illustrate the method.

In the previously developed aCAMD method, attribute data wasectad/to physical
chemical properties described by group contributiethod(GCM) based property models that
ensured easy computation. Howev8iCM property models are limited to describing small
molecules (< 30 atoms) with structural isomerism. Chengaituvalappil et al. (2010)
developed a method for more complex molecular architectures using molecular signatures to
convert QSPR/QSAR models based on topological indices into group based parameters.
However, the method is constrained by the limitatiohshe QSPR/QSAR models, which
typically only describe molecular length scales (< 60 atoms) and occasionally macromolecular
length scales (< 60 atoms in the repeat unit of a polymer). QSPR/QSAR models describing
physicatchemical propertyi molecular arcitiecture relationships at other length scales or at
multiple length scales are usually unavailable since the physics in these domains are still being
investigated. As a result, researchers designing chemical products at these scales have relied on
datadriven approaches based on chemical characterization.

Chemical characterization consists of a variety of techniques using spectroscopic,
diffraction, and/or thermwphysical techniques to determine the molecular architecture of a
chemical product. One of@hmost common techniques is infrared spectroscopy (IR), which is

capable of describing molecular architecture at multiple length scales. In Chapter 9, a



characterization based computer aided molecular design (cCAMD) framework is presented.
Using a chemial product training set, IR/NIR spectroscopic data on the molecular architecture is
first captured, and then converted to underlying latent variables using decomposition techniques
like principal component analysis (PCA). Next, an experimental desigonducted to
determine the effect of the latent variable structure on the consumer attributes of interest. Target
consumer attributes are then mapped down to the latent variable domain and mixture design of
the original training set is conducted. The saatent variable structure can be used to find new
chemical products that were not part of the original training set by using a method developed in
this dissertation called characterization based computer aided molecular design (cCAMD).
First, recognizig that the absorbance measured by IR/NIR spectroscopy are based on group
theory interactions with the incident radiation, group contributions based on characterization data
are estimatedusing a newly developed characterization based group contributiomoanet
(cGCM). Characterization based groups are twverted to the same latent variable basis as
the original training set and recombined to find new chemical products. The primary benefit of
this approach is that the individual group contributions ripoate information from multiple
length scales, decoupling the length scales, and circumventing the need for nested simulation
typically found in multiscale design. A case study on the design of pharmaceutical excipients for
direct compressed acetaminephtablets using data provided by Gabrielssbral. (2003) is
presentedn Chapter 9o highlight the method.

This dissertation concludes with Chapter 10, where the achievements of this dissertation
are summarized and future challenges are discussedeciaSmttention is paid to the
contributions made by this author to the computer aided;ditt@n design of chemical products

using consumer attributes and characterization based approagdegionally, it should be



noted thathe aCAMD approach desibed in Chapter 7 has been publishedridustrial and
Engineering Chemistry Resear¢Bolvasonet al. 2008), the aCAMD approach described in
Chapter 8 has been publishedGomputers and Chemical Engineeriff§olvasonet al. 2008),

and aspects othe cCAMD approach described in Chapter 9 has been published in parts in
Computer Aided Chemical Engineeri(§olvasonret al. 2008, Solvasomet al. 2009, Solvasoet

al. 2010). Other case studies performed by the author, but not presented in this dissertation,
include the design oproduct pathwaydor the forest bierefinery, published inintegrated
Biorefineries: Design, Analysis, and Optimizatiatsy et al 2011) and the design of self

assembling monolayers for chemical deposition.
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Chapter 2

Product Degn for Chemical Engineers

Product design, which is defined as the conversion of a conceptual idea into a tangible,
manufactured object, is an important function of today's corporations. Increasing competition,
fluctuating markets, and global supply sisehave all worked to place high importance on
delivering differentiated products to the consumer. Although consumer driven product design
has always been appreciated as a major issue in the mechanical and electrical engineering
sectors, in the chemicgbharmaceutical, and materials industries the systematic and efficient
design of new products is a recent cond€wostaet al.2006) Furthermore, consumer attributes
are being pushed further up the development pipeline to the formulation scientists who are ill
equipped at utilizing thisew source of information. Compounding the issue are the unique
features of chemically formul ated product s
mechanisms that operate at a multitude of nested length scales. The effective utilization of this
immense data structure to design chemical products is the subject of cutting edge research in the
process systems engineering field and often referred to as an emerging paradigm within chemical

engineering (Costat 2006).

2.1. An Emerging Paradigm

A Uint Operationso is considered the first

engineering. Beginning in 1915, the concept of unit operations transformed the chemical

11
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engineering discipline from a study of how to manufacture a specific commodity, to the
systematic design of a sequence of unit operations that is applicable across all commodities
(Wei, 1996). Although extremely useful, the unit operations paradigm proved inadequate for
solving problems with increased molecular complexity (Hill 2009). Asesllt, a second
paradigm involving the study of chemical science arose in 1950, best exemplified by Bird,
Stewart, and Lightfootds t eetall2@02.kltisofatusedm@ma ns por
developing universal mathematical systems to desdfige underlying, continuum based,
chemical and physical sciences in order to solve relevant problems of interest (Hill 2009). This
is the paradigm under which most chemical engineering research is conducted today and,
although the discipline has movedadrihe biological sciences realm and new systems of interest
have been incorporated, the mindset has remained the same; i.e. the identification of underlying
phenomena, expression in a mathematical relationship, and application to a system of interest
(Hill 2009).

Process systems engineering (PSE) research under these two paradigms of chemical
engineering involves combining a broad knowledge of chemical products, property models,
scientific experimentation, and process simulation to design efficient a@uathg processes.

The usual design objective is to minimize the cost of manufacture of a product after its molecular
architecture has been developed by chemists; an approach that was originally developed for
commodity chemicals with simple molecularlatecture produced in bulk quantities. However,

as manufacturers have shifted to developing specialty chemical products to combat global
pricing pressure, it is increasingly clear that this approach needs refine@Grearhical products

are no longer simpl mixtures of chemicals, but rather complex molecular structures with

elaborate consumer interfaces that may exist at multiple length scales. This complexity means
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that a sequential design approach using chemical and physical properties dependenthupon bot
chemical engineering science and unit operations (i.e. product design, then process design) is
likely to miss potential optimal configurations.

Developing systematic approaches that integrate the development chemistry with
manufacturing constraints hdmeen suggested by the Committee on Chemical Engineering
Frontiers in 1988 as the third chemical engineering paradigm (Hill 2009). This new paradigm
does not preclude other paradigms from emerging, or even displace the previous paradigms of
unit operatios and chemical engineering science, but rather it is a necessary result from
breakthroughs in molecular modeling, signal processing, and increasingly powerful
computational tools (Charpentier 2002). Harnessing the immense power of these new tools now
allows chemical engineers to solve entirely new and important classes of problems previously
unimaginable (Hill 2009). Unlike conventional process systems engineering (PSE) approaches
that are focused on the design and optimization of chemical processesopasaegriori
knowledge of the products, it is now possible to investigate chemical product formulations prior
to experimentation and simulation of their manufacturing processes (Hill 2009). This change in
the fAway of thinkingo earm® design problems memeseotd theni ¢ a |
beginning of a new direction in the fie{8eideret al.2009)

The emergence of chemical product design can also trace its roots in the United States
back to the 1980 0averseas campetitiensfroro Jagae in themanufasturimgg
sector, the U.S. manufacturing base experienced a paradigm shift toward holistic design practices
inspired by the Japanese conceptMiisubi (Boznak 1993) Mus ubi l'iterally
mut ual bond of rel at i o(Bozinak¥93) Impractces it shifted thee h p 0 ¢

focus of researcfrom improving attributes of individual features that would be assembled in to
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a product, to one that optimized the final product attributes regardless of its effect on individual
features. In other words, using definitions associated more with bushess®mgineering,
chemical product design shifted from a technolpggh function to a markgull function.
Technologypush occurs when a new technology is created and introduced to the market where
no market demand exists. It operates under the assumtptt the reason no consumer demand
exists is because consumers are unawérerhat ispossible. Thus, simply introducing the
product should create the demand. Conversely, mptketefers to using the consumer needs
and wants to drive the productwédopment and by extension the technology development.
Examples of technologgush achievements in the field of chemical engineering are new
advances in polymers, dratglivery mechanisms, and catalyst structures at the moleeuldr
mesaoscales and cryallizers, distillation columns, and separators at the mscate. In
addition, much work is at the micraand nanescales, specifically exploring the unique
chemistry and physics occurring at these levels. Example of markgiroducts in chemical
ergineering products include teeth whitening strips, {tostotes, environmentally benign
refrigerants, and targeted designer drugs. In many instances it can be argued that the emergence
of product design as a distinct paradigm in chemical engineeriragtly due to the growth of a
marketpull focus within the chemical engineerifigld.

Finally, the emergence of chemical product design in chemical engineering can also be
attributed to the acceleration of the product development ¢gdstaet al. 2006) The increase
in speed has put sttan on t he product devel operds abil it
process, which is key to preventing runaway cd@esznak 1993) As a consequence,
researchers have increasingly turned to computational tools to evaluate chemical products before

experimentation, which gives flexibility to handjirchanging design constraints early in the
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development process. The effectiveness of these tools can be increased by constraining the
molecular architecture options evaluated. It is best achieved by first classifying chemical
products by their molecularehitecture, chemical and physical properties, and/or scale specific

mechanisms.

2.2. Types of Chemical Products

Many options exist for classifying chemical product types. The products can be defined
by their end use, by the type of raw materials useproduce them, by molecular structure, or
even by the types of processing equipment needed to create them. One possibility is to define
products bytheir physical forms. Wibowo and NG002) proposes the following classification

scheme:

Table 2.1: Chemsal Product Types Classified by Physical FofWvibowo and Ng 2001;
Wibowo and Ng 2002)

Physical Form Product Form Examples
Composites Bar of soap
Capsules Whale oil capsule
) Shaped Tablets Aspirin Tablet
Solid Solid Foams Styrofoam
Bulk Powders Powdered Detergent
Granules Pharmaceutical Excipient
SemiSolid Pastes Toothpaste
Creams Sunscreen

Liquid Foams Shaving Eoam

Macromolecudr Solutions . 9 T

: ) Dishwashing Liquid
Microemulsions

Liquid Dilute emulsions and Hair Conditioner

. Writing Ink
suspensions
. Perfume
Solutions
Gas Aerosols Hair Spray
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Although a chemical's physical form can differentiate product types, the moleculaurgtruct
between different forms can be identical. For instance, xylitol is both a pharmaceutical excipient
in a solid dosage form as well as a potertiachemicalplatform product in liquid chemical
form. The difference is the presence of strong intranutdecinteractions overcoming the
kinetics of the molecular motion that creates loagge order in the solid dosage form.

An alternative classification was proposed Westerberg and Subrahmanian (2000)

which listed three different classes of products based on the dominating characteristic:

1. Products which are chemicals, such as pharmaceuticals, cleaning flolgsmgrand

lubricants.

2. Products requiring chemical manufacturing techniques such as semiconductors,

microfluidics, and other etching and layering technologies.

3. Products utilizing chemical properties in their functionality, such as lenses that
change coloin light, or a tape that sticks to surfaces, but can be removed without

leaving a residue.

Costaet al (2006) extends this classification scheme to include 6 categories: (1) specialty
chemicals, (2) formulated products, (3) dbased concepts, (4), trdosnational devices, (5)

virtual chemical products, and (6) technology based consumer goods. Of particular note are the
separation of functional techniques into devices that carry out a physical transformation and
consumer products whose functionalitydesppendent on process technology. Likewise, two new
categories are introduced: Hiased concepts and virtual chemical products. -bRked
concepts represent the recent growth of chemical engineering into the structural biology fields of
genomics, proteuics, drug design, and membrane design. Virtual chemical products represent

the software advances for chemical engineers including gsodesign tools likéProMax®,
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product design tools like ICAS and various opesource codes and databases like
ChemSpile® and KEG®.
Conversely, Gani (2004) classifies products based on the isoglh in which the

dominant product attribute is exhibited

1. Structured products where the migtuctural properties are related to product
functions (e.g. polymer membranesug delivery mechanisms, etc.).

2. Chemical, agrochemical, biochemical products where the corresponding processing
routes in the macrecale play an important role (e.g. environmentally benign solvents
and refrigerants, etc.).

3. Formulations where the propext are enhanced by the addition of other chemical

products (e.g. solvent blends, coatings, etc.)

The use of scales to define product categories is unique, yet appropriate since the majority of
products have properties that are dependent on the physicetusts at these scales. Since
these structures are typically interrelated, an understanding of how these scales are linked is

warranted.

2.3. Chemical Product Scales

Although Gani (2004) only discusses 3 length scales in his paper, many other detiles ex
In biochemistry the scales are organized in levels with increasing complexity beginning with the
simplest form of biology, the gene, and ending with the most complicated, the biological
production plant (Fig. 2.1). It has been shown that this recétie approach to biochemical
design can be used to better understand and control biological tools such as enzymes and

microorganisms for structured produ¢@harpentier 2009) Understanding the smaller scales is
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becoming an intricate part of designing new products. As, shehnclusion of scales smaller

than the nanascale will also be vital to new product design. For example, the physicsgayer

the nane and micrescales is often quite different from that of the mesrale. Whereas simple
chemical mixtures have been used to meet product demands in the past, now designer
environmentally benign materials can be built with delivery mechanmsate possible through
functionalization and selissembly at the smaller scales. As research continues in these areas,
new tools for modifying benign chemicals will be developed with multiple levels of intricacies
whi ch nof fer t he poasdy s @ndiniedr i ntolgculat, anicrosdopity larida n
macroscopi c, ma t (€marpentier 2009)a Tha altimate goal tisitocefficiently
identify alternative product formulations with as good or better attributes as current state of the

art chemical products.

Biochemistry and Biochemical Engineering
Organizing levels of complexity with an integrated approach of phenomena and
simultaneous and coupled processes from the gene with known structure and function
up to the product with the desired end-use property

Macro and
Mega-Scale

Pico-scale Nano-scale Micro-scale Meso-scale

Gene Micro-organism Biocatalyst Bio-
enzyme Enwronment reactors
Populatlon Actlve
Function Cellular plant aggregate Separators

Figure 2.1 Multi-length Sale BiochemistryApproach tdProductDesign(Charpentier 2009)

Units
Plants

Interaction
biosphere

For chemical product design and engineering, Cetstd. (2006) suggests that products
be classified using the naiscale, micrescale, messcale, macrecale, and megscales as

shown in Fg. 2.2.
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Length Scale
10107 1074 1051 1023 1026 [m]
Time Scale
10—10,—9

Nano-scale Micro-scale Meso-scale Macro-scale Mega-scale

Figure 2.2 AnExampleMulti-length andlime Scale(Edwards 2007; Costt al.2006)

Here the classes are arranged in order of integrated length and time scales described by
increasing molecular architecture complexity. In terms of the hesgale, molecular surface

and interaction energies are described at the-saale, long range order such as cryst&y at

the micre and mesescales, processing characteristics at the mseate, and logistics, life cycle
analysis, and consumer preface at the megscale. Conspicuously missing from the
description offered by Costt al. (2006) are length scales describing molecules. In terms of the
time scales, the molecular scale is based on motion: atoms in a molecule during a reaction are
measured in picoseconds and molecular vibration is measured in nanoseconds (Charpentier
2009). In this scale the importance of the molecular shape, amdaintermolecular forces are
controlled by functional groups and their orientations. The functignoaips and geometries are
determined using statistical averages basedtomitio calculations at the quantum scale. For
example, during reactions, the orientations of functional groups change considerably as
molecules are pulled apart, stretched, aratramged into new molecules. Even in a pure,
thermodynamically stable state, the atoms comprising molecules are undergoing constant motion
and rearrangement. The optimum, lowest energy position, is statistically the most common. Itis

generally accepted s t he o6normal 6 shape and orientat:i
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probable shape is precisely what is needed for a particular product. Therefore, it is important for
researchers to include these possibilities when conducting designing new products.

An attempt at a complete, muficale simulation figure detailing the smaller length and
time scales based @mmoncomputational design approaches is given in Fig. 2.3. Of note, the
nanoscale, microscale, and mesoscale have been grouped togetherthendeolecular

informationdemarcation because of the similarities in the computational models between them.

Macroscale .
Simulation ¢
Time
Engineering /
Years Unit Operations
Design

Hours

) FEA / Process
Minutes Simulation Process

Information
Seconds
At.om Ba'sed Mesoscale modeling
Microseconds Simulation
Molecular
Nanoseconds Mechanics /
Dynamics
. Y Molecular
Picoseconds - -
Quantum Mechanics Information
Femtoseconds
1A 1nm 1um 1mm meters Length

Figure 2.3 TheMultiple Length andlime ScalesAssociated wittComputationalSimulations

Alternatively, Grossmann and Westerberg (2000) @sed a product based
representation based on the molecular architecture of the product, as shown in Fig. 2.4. This
figure contains most of the product types typically associated with chemical engineering, such as
the macrescale unit operation and procedssign. However, it is increasingly clear that
chemical engineering research and application will move into the smaller chemical scales.

Organizing the complexity levels of the nanoscale, microscale, and mesoscale, including the
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phenomenological relatiships translating molecular architecture to control the functionality of

products through process engineering will become vital within the discipline (Charpentier,

2005).
time scale §
month 4
enterprise
week 4
site
day +
h 4+
min 4
PR
s+ L ;
; -}'*.\ ) particles,
il & thin films [ ] small
meT 3 v i molecule chemical scale [] intermediate
cluster
ns 1 ; W large
molecules
Ps T
} } } } } | =
1pm 1 nm 1pm 1 mm 1m 1 km length scale

Figure 24: Multi-scale Overview of theChemical Product Supply Chain Demonstratig the
Potential ChemicalProductsProduced(Grossmann and Westerberg 2000)

2.4. Other Definitions

In the following chapters, a multiscale chemical praddesign approach will be

presented. Some of the terms used are defined below:

M Molecular Architecture

A

chemical pr oduc tinblgles mol ec

information related to atoms and bonds at the molecular length scale as well as

nanoscale, microate, mesoscale, and macroscale structure information related to

aspect

ratio,

crystallinity, morphology, and many more orientation specific

arrangements of chemical structure.
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1 Physicalchemical Properties Any measurable property that describes eitlinr t

physical 6s systems state (physical prope.|
reaction (chemical property).

1 Consumer Needs, Preferences, or Product Attrsbuté set of consumer desirable

product functionalities and properties that are diffita quantify physically, such as
smell, feel, or product indices, etc.

1 Commodities oCommodity Chemicals Commoditieshave asimple, wellestablished

molecular architecture, aggroduced in bulk and have minimum variation between
manufacturers.

9 Formuldions, Specialty Chemica$, Formulated ChemicaProducts Consumer

oriented specialty chemicals are made from several ingredigmduced in small
guantities, have simple or complex molecular architecture, and generally have
significant variation betweemanufacturers.

1 Chemical Product DesignChemical product design is the conversion process of a

conceptual idea into a tangible, manufactured object with a defined molecular
architecture.

91 Design Space, Target Regioffhe design space is the physichémical property or

attribute domain in which candidate molecular architectures will be investigated.

2.5. General Design Approach

In chemical engineering, product design describes the design of chemical products and
may include high performance chemical®rmulated pharmaceuticals, seoanductors,
household products, beauty or personal care products, and processed(Hdlbod009).

Particularly, chemical product design involves the development of a product formulation, whose
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structure is in the range of 61D0mm, complete with a set of specifications for both the product
and manufacturing proceéSostaet al. 2006) It often encompasses process design, which can
be thought of as a subset of the proddesign activity(Seideret al. 2009) However, product
design differs from the more traditional process design in several key (&Veaterberg and
Subrahmanian 2000) First, products have short life cycl@d/esterberg and Subrahmanian
2000) measured in months as opposed to years for processes. Second, the minimization of
conceptto-market timecan bemuch more important than the design of the most economical
soluion. Westerberg and Subrahmanian (2000) quotes that being first to market often leads to
capturing and holding of a 70% of market share. My own experiences at the consumer product
company KimberlyClark suggest this number is closer tc@B®o of the maeet, which is still
significant. This shift in focus for designers in chemical engineering has generated a need for
additional skill sets and capabilities.

The design and development methods currently used in product design consist of a
mixture of talets and techniques. These techniques can be anything from loose guidelines that
guide the flow of information to intricate computational logic programs that optimize specific
molecular architectures for a consumer attributeWWesterberg and Subrahmania2000),
suggest chemical product design is a mixture of tools from business, fine arts, social sciences,
and traditional chemical engineering. Business tools, in particular, have a large application area
in product design. Anything from deciding whichwrenaterial to buy to deciding which product
to make are primarily business decisions that are part of an enormous supply chain optimization
problem (Westerberg and Subrahmanian 2000)hese decisions ultimately decide whether or

not the product will be financially viable to manufacture. Whether or not it will sell is impacted
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by the consumer side of the equatiorhiah is dominated by the tools from the fine arts and
social sciences such as understanding the appeal of color and shape.

In most instances, consumer appeal is the primary driver of performance in the
marketplace. Consumer appeal is not only deligearproduct with desirable attributes, which
is often the sole focus in engineering, but is also the delivery mechanism itself, often called the
consumer interface. For example, in 2001 Kimb&igrk developed a new bath tissue product
cal | ed Ro ITHe producpveas straditional bathroom roll with the addition of an applied
anttbact eri al was h, resulting in a Oowetd tissu
considerable market demand for the product. It was to be a breakthrough for theyortpa
was not. In fact, by most accounts, it was an abject failure. The reason was not the product
itself, but because of the consumer interface. In all of the focus group testing of potential
customers, the wet rolls were tested sans the produstedelmechanism that defined the
product interface. After introducing the product to the marketplace, the overwhelming feedback
from consumers revolved around frustration with the appearance and function of the delivery
mechanism. Unfortunately, the dedry mechanism had been designed to match the constraints
of the previously optimized product. Any change to the interface would mean a complete
redesign of the product. Without significant changes, sales of the product reached less than one
third of itsprojections and the product was canceled. Clearly, the importance of fine arts tools to
define the consumer interface and the understanding of the interactions of the consumers is of
paramount importance.

Last, but certainly not least, there is no substifor the core competencies in chemical
engineering. These tools are in essence the

(2004)stresses that in chemical product design, the final product is unknowthebel are some
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gener al i deas how it should behave and that
chemicals that wildl exhibit and/ or caus-e the
property relationships is where chemical engineaes éhemists have developed strong skill

sets, especially for fluids. However, over 50% of chemical products produced are in the solid
form (Costaet al. 2006) so skills in engineering chemical solids are also important. Clearly, as
chemical product design grows as a discipline within cb&imengineering, it will need to

include all of the aspects of product design, especially those associated with the solid form.

The approaches to designing chemical products can be as varied as the products
themselves. However, the overall goal reméiessame, to deliver the most efficient chemical
product that presents a set of attributes important to the customer. As such, the approaches to
designing chemical products involve the identification and transfer of pertinent information from
the custome t o the productdés mol ecul ar architectut
classified as either neimear or linear product design.

Non-linear product design is often defined as quantum leap innovation that is unexpected
and unpredictable, typicallgsulting from advances in technolo@oznak 1998 For example,

Schmid and Smith (2002) uses Sir Alexander Fleming to illustrate that a random connection of
research on the influenza virus in 1928 with
stunted growth, resulted in a miracle breakthrouymgmicillin. Whereas over 50 years earlier

John Tyndall had described the antibacterial properties of mold, it was Fleming who made the
nonl i near | eap and opened At hgSclygmdtaed Smith2002) he di
Unfortunately, as vital as these nlimear breakthroughs are to the advancement of science, they

are also rare. As a rdsumost practical product design is often focused on only incremental or

linear advancement of products.
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One type of product design that uses linear transformations is presented by Westerberg
and Subrahmanian (2000) abym and Little (2008) In this approach, product information
passes from a set of markesed goals to a set of consumer attributes controlled by fundamental
properties which are in turn controlled by molecular architecture. Selecting the nmossipg
molecular architecture is a function of both its attributes and the manufacturing process used to
make it. Cussler and Moggridge (2001) express this type of product design in a more objective

manner by identifying four steps that capture the pcodesign process:

o

. Needs What needs should the product fulfill?

2. ldeas What different products could satisfy these needs?

w

Selection Which ideas are the most promising?

H

Manufacture How can we make the product in commercial quantities?

Cooper and Edgt (2009) further develop the product design process to include 6 business

actions that emphasize interaction with the consumers:
1. Discovery. What new opportunities exist?
2. Scoping.What is the market for these opportunities?
3. Build Business CasalVhat ae the potential product definitions and justifications?
4. DevelopmentWhat is the actual product design and its business plans?
5. Validation. How can the product and is customer acceptance be validated?
6. Launch. Full commercialization of the product.

The first 3 steps listed by Cooper and Edgett are data gathering steps used in steps 4 and 5,

Development and Validation, respectively (Cooper and Edgett 2009). The four of the steps listed
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by Cussler and Moggridge would fall intthe Build Business Case, Dewgiment, and
Validation steps listed by Cooper and Edgett. Hence, the development of chemical products and
their validation form a major part of the design process. In fact, it is such a major part, the
tendency is to include all available information aesign possibilities for the product under the
false pretense that excluding some product goals could eliminate the optimum product. To
mitigate overwhelming each successive step in the product design process with extraneous
information, a series of gaeontaining criteria to measure project deliverables, are used. These
criteria can be of the multriteria decision making (MCDM) variety, where weighted scores are
assigned to the project, or they can be more explicit such as physical cost of maa(Packer
and Moseley 2008)More details on MCDM is available in Appendix Al.

Combining the development steps with the screening stages, results in what is known as
t he ACXattaegdbe pr ocess f o (Codperand Bdgett g0Q9BHonncirt Figd2ébs i g n
is the Stagé&sate product development process as outlined by Cuetsédr(2010), Cooper and
Edgett (2009), and Seidet al.(2009). The process contains a successive series of stages, where
ideas and solutions are generated, followedyates, where the solutions are screened to find
those with the highest potential. Sei@¢ral (2009) lists 5 stages of which the first three are
collectively referred to as chemical product design: concept, feasibility, development,

manufacturing, angroduct introduction.
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Chemical Product Design

product options

* Evaluate the

*Screen * Evaluate * Evaluate for * Evaluate and
superior each the winning best process prepare
concepts feasible manufacturing sales

forecasts

o . Product
Concept Feasibility Development Manufacturing Introduction
*ldea *Performance  *Manufacturing *Scale-up *Plant
generation measurements options * Design construction,
* Customer * Prototyping identified optimization & start-up,
visits * Algorithmic * Pilot Plant validation for operation
* Database process Testing manufacturing * Manufacturing
creation synthesis * Detailed process
* Preliminary design, optimizationto
process equipment meet customer
synthesis sizing, specifications
profitability * Marketing and
\ analysis, and product launch
' optimization  / documentation

pS

Figure 2.5: The Stag@ate Product Development Process (Seiiat.,2009).

The concept stage encompasses the initial data gathering for the product, including
attributes from the consumer, potential chemical structures toedehose attributes, and a
preliminary process synthesis route for their production. The concepts are then screened in the
first gate to find those solutions with the most potential. Product designs that are chosen to enter
the feasibility stage are thgrototyped and tested against consumer requirements from which a
complete business model is built including a detailed market analysis encompassing risk
assessment and health, safety, and environmental concerns Geate2009). In addition, a
preliminary set of technology based production processes needed to make the product are

synthesized. The overall feasibility of each process is then screened again and those with a
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combination of a large potential return and small risk are passed forwaeddtmpiment. The
development phase is where detailed design, profitability analysis, and optimization are carried
out. The goal of this stage is to develop controls of the variability in the product using a set of
large production runs in pilgilants th& could then be testedn massan the marketplace.
Those products with properties that can be controlled well are then passed forward to
manufacturing and the further design of the product ceases (8eider2009). The final two
stages encompass nudiacturing and logistical concerns with getting the product to market and
will not be discussed in this dissertation.

Process systems engineering (PSE) is generally only concerned with the first three stages
and gates and often tries to integrate themmagh as possible in order to speed up the
development time. Since significant amounts of information are generated from different
sources, such as lab reports, consumer surveys, and detailed mathematical models, finding a
systematic method to convert timormation into a common set of criteria which can be used to
provide guidance on decisions made regarding the product is parafWilenkatasubramaniagt
al. 2006) The data, information, and knowledge rendered are usually incompatible and require
several translational techniques derived from experimentation and/or mathematical
programming. For consumer attributes, it is important to incorporate the specific idiosyncrasies
of the different data sets and information sources that describe the mokeachidecture that
deliver those attributes. Historically, commodity chemical products have relied on a large
amount of attribute, property, and molecular architecture information developed over years of
experimentationand their design is more of a fumn of process development As
manufacturers have moved to produce specialty chemical products, less information is available,

so chemical product designers rely on modelscreen for new molecular architecturehe
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data, information, and models cleosdictate the manner in which the design problem is solved.
For instance, if reliable, accurate models do not exist, empirical trial and error approach based on
experimentation are used (Gani 2004). One of the most common techniques is design of
experinents (DOE) which uses probability to guide a series of experiments toward the desired
molecular architecture. Depending on the type of molecular architecture, this technique can
either be performed with conventional property parameters, attribute parsnzatd/or latent
property parameters based on characterization data. Further discussion on these techniques can
be found in Chapter 3.

If reliable models do exist, mathematical programming or hybrid methods are preferred
(Gani 2004) The choice of model is dependent on the computational efficiency and accuracy
desired: more accurate, figtinciple simulations are computationally inefficient while less
accurate, group contribution QSPR models are computationéitieaf. The key is to achieve
as much accuracy as possible using as little computational resources as possible. Some attribute
models are well described by physichlemical properties and specific molecular architectures.
For instance, the web strehgof facial tissue is a function of the strength of intermolecular
hydrogen bonding between cellulosic polymers and fibers. Developing the computer aided
methods to design products with these easy to quantify attributes is often straightforward,
requiring minimum effort to translate attributes into common physotedmical properties for
which QSPR relationships have already been established.

Other attributes, such as paper softness, are much more difficult to define in terms of
properties and molecular cmtecture. Fiber strength, fiber coarseness, aloe concentration,
silicone concentration, and other, undefined parameters, contribute to the attribute. For these

situations, either more complex experimentation using characterization is utilized ortisimula
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techniques are employed. The initial foafsthe PSE community for this type of desilgas

been on the development of better simulation techniques. However, as the chemical engineering
di scipline moves from ' 0datlamove dcoward datiriven idat a
techniques(Venkatasubramanian 2009)Thus, the development of chemical productigtes
techniques based on data and dhiteen models will become increasingly important. Further

discussion on computer aided approaches to chemical product design can be found in Chapter 4.
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Chapter 3

Experimental Design of Chemical Products

The main objective for PSE research in chemical product design is to guide and focus
experimentatior{Hill 2004). Unlike in process design, the requisite properties of importance in
the design of chemical prodscare usually consumer attributes. Consumer attributes are a set of
product requirements from the consumer that have been converted into a set of consumer
preferences that are empirical functions of physit&mical properties and molecular
architecture This emphasis on endse application implies the control of the arsg property or
attribute as a primary requirement for designing chenfiaaed consumer products, which by
extension, means controlling the molecular structure, formation, rheologly,inderfacial
phenomena at multiple length scafeidl and Ng 1997; Smith and lerapetritou 2009)

Because consumer attributes are difficult to quamtifysically, the relationship between
them and the underlying fundamental physid@mical properties and/or the molecular
architecture will most likely involve empirical relationships. Empirical models describe the
under |l yi ng phenoomsal & éxperimeptdl dataiusing redreisgon dnalysis. For
situations where the set of experimental data is appreciably small, the phenomena are not well
understood, or the properties of interest are uncorrelated, the attribute data is often (1) directly
related to the molecular architecture or (2) related to the pmeheahical properties and then
the molecular architecture. Determining an attributes relationship to the molecular architecture

is performed by answering the following set of questi{@eni 2004)
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1. How will the properties or attributes be obtained (calculated and/or measured)?

2. What level of detail regarding the molecular architecture will be used?

3. How will the molecular architecture be represented?

4. How will the candidate solutions be obtained?
I n most cases the attributes are measured wusi
demonstrated an ability to determine attribute differences in the desired products. Determining
the molecular architegate that delivers those attributes dictates the rest of the experimental
design. Due to the nature of chemistry, the smallest architectural building block that can be
experimented with is a complete, thermodynamically stable molecule. Except in ras®sca
smaller builang blocks, such a molecular groups, atoms, or protons/neutrons/electrons, are not
stable enough to measure individually. This does not preclude the use of larger building blocks
(like monomeric units of polymers, crystalline structuparticle shapes, etc.) from being
designed, but does limit all experimental designs to be based on mixtures. For the first case of
experimental design, mixtures of various molecular architectures are designed to directly deliver

specific consumer attriltes.

3.1. Mixture Design of Experiments

Design of @periments (DOE) is a form of experimental design that utilizes statistical
methods to plan and execute informative experim@us et al. 1978) It is generally applied to
the first stage (concept generafiaand gate (screening) of the chemical product design method
shown in Fig. 2.5. In some cases, process design options and constraints (feasibility and
development stages) are included in DOE, relying on computational simulation and design tools
to generte the process options followed by bench scale and pilot plant operations to test the

options. However, since computational tools rely on physicamical properties to define the
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system, DOE techniques are generally only used to confirm upper andolowels on attributes
delivered by pilofplant or larger processes.
The DOE procedure for generating and screening chemical product design concepts is as
follows (Cornell 2002):
1. Postulate anodelthatrepresergtheattribute or physicathemical propeytresponse.
2. Select gperimental @sign points to test the facets of the molecular architecture of
interest.
3. Where observations can be collegtednduct experiments and fibhe postulated
model.
4. Testthe adequacy of the modesing model fithess and pretid fitness followed by
calibration experiments
5. Repeat Steps-4 until a sufficient empirical model is developed.
6. Validate and optimize the chemical produc
nongradient mixture design techniques.
The most effetive choice of model and location of design points isghenary focus of
the experimenter. The best set of points is chosen under the following constraints: (1) the size
and shape of the experimental region, (2) the number of desired experimentaindif3) the
type of model used for constructing the map of dkteibute responsgKettanehWold 1991)
Most often,a polynomial model is selected to represent trepoase surface since it can be
expanded through a Taylor seriesrtgproveaccuracy(Cornell 2002) A first or second degree
model is usually chosen to represent the surface sihcequires fewer observations. Third
degree or higher ordered models are seldom uti(lzledjhsoodloo and Hool, 1984 he first

second degree model may be represented as follows:
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y=b,+a bx +e (3.1

i=1

y:bo+ébixi+éébiwxixw+e (3.2

i=1 itw wai
Wherey is the response variable and usually represents attributes (e.g. softness) or-physical
chemical properties (e.g. viscosity), dependingttum system of interestx is the independent
variable, usually representing theor w molecular architecture fraction. The regressors,
b, i ahdb,, represent the pure component and mixture changepen unit change i away
from a center point.eis the unexplained error in the response not captured by the mathel.

point estimate forms of the modéi. fitted regression modelajegiven below.

¥= b +3 bx (33
i=1
§=h+4 bx +a 8 b, (3.4

whereRis the unbiased estimator dfhieresponsand; , 1 , and , are the point estimates of

the regression coefficientslo find the estimates of the regressors, the sum of the squares of the
error e(estimated aE(8=0 for uncorrelated random variables) iretmodel is minimized using
least squares regression. Leastasgs regressiois a common technique in the development of
data driven models and is found in many forms, including classaatdquares (LS)jnverse

least squares (ILS), multivariate lareregression (MLR)and partial leastsquares applied to
latentsurfaces (PLS). To derive the regressor solutionLf®r it is convenient to switch to
matrix notation. Without it, the formulas become unmanageable when the number of
explanatory variabkincreaseflLarsen 2008 Rewritingthe point estimate model, shown in Eq.

3.3,in terms of matns notation results in the following:
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¥= X (3.5)
where, || handX are matrices of the predicted responses, estimated regression coefficients, and

independenvariables, respectively, amtepresents the total number of experiments.

8
=3 8 (3.6
0
. & 0
B=2'0 (3.7
& o
= 0
% 0
o 3 ~
% Xll X1u8
=@ X 3 %0
B 4 6 40 (3.8
g an 3 Xnug
In terms of matrice€q. 3.5can be rewritten agq. 3.9(Larsen 2003)
X = X X 3.9
B= X T XTX)! (3.10

Solving for the best fit regressors givieg. 3.10which is the central result déast squares

Although the same procedure can be extended to seocoder and third order models, it is
seldom used because it involves fitting nordinenodels Also, fothe inverse of the identity
matrix X'X to exist, X must have as many rows as columns. Sideas one row for each

sample and one column for each component, then it follows that there must be at least as many
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samplesn as components to be able to computEqg. 3.10 The rules governing regression
relating to samples and components armmarized byGeladi and Kowalski (1986as the

following:
1 Foru>n, there is no unique solution unless one deletes the independent variables.
1 Foru=n, there is one unique solution.
1 Foru<n, aleastsquares solution is possible.
1 Foru=nandu > n, the matrix inversion can cause problems.

Likewise, any linear dependence among the rows or columné aain potentially lead t@
singularX"X matrix whoseinversedoesnot exist(Kramer 1998) This is a key observation that

will be discussed in detail in Chapter 9. Other aspects of least squares regression can be found in
Montgomery (2005).

Mixture design of experimentdVDOE) is an extension of DOE thaxplicitly uses
chemical constituents as the factors in the design.dé@ition the constituenfor molecular
architecture)ractions must sum to one and each constituent fraction must lie between zero and
one

ax-=1 (3.1)

i=1
Octx ¢l (3.12

Eq 3.11limposes a colinearity effect by removing thdependencef the factors. While it des
not affect the utilization of the modeit doesimpact the interpretation of the regression
coefficients. The benefit of using the constraint, however, is that it affords the ability to

represent mixture data.g. design points, response surfaces, and target regions) in a simplex
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diagram where each of the vertices represent pure chemical constituents or molecular

architectures as shown in Fig. 3.1.

Experimental Component Fractions Observ_ed
X2 Design Points Elongation
Xy | X2 | X3 Values
1.0 0.0 0.0 11.7
0.5 0.5 0.0 15.3
0.0 1.0 0.0 9.4
0.0 0.5 0.5 105
0.0 0.0 1.0 16.4
g 0.5 0.0 0.5 16.9

Elongation Response
Surface Contours
— 9
— 11
13
15
— 17

Figure 3.1: SimplexDiagram of theResponseSurface ofa Mixture of Polyethylene %),
Polystyrene X.), andPolypropylene %3) usingExperimentaData from Cornell (2002).

Using Eq. 3.11,Schefe developed the first simpleattice designs which many
researchers considered to be the foundation of mixeswg(Cornell 2002) To develop these
designs,Scheffe(1958, 1963)noted that the location of the response of a mixture made up of
exactly zero constituents must be identically zero meaning that the coeffigidat zero.

Furthermore, the us# Eq. 3.11means that the quadratic terms can be rewrittéfga8.13:

oo

Xi2 :Xi%' au Xy
c w=1 :

(3.13)
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Combining these observations, Scheffe deriveddanonical models in Eq. 3.14 and 3.15. For

ease of notation, the lsathave been dropped from the estimates of the empirical model

parameters.
y= a bi*xi (3.19
i=1
y=a bi*xi +aa bi\*NXi Xw (3.19
i=1 i<w w>i

These first and second ordeanonical models are postulated to represent over 664l
mixture designs encounter@daghsoodloo and Hool, 1984)In situations where a higher order
cubic design is desired, the same procedure may be applied to the cubic polynomial equation to
make the cubic canonical model.

y=a bi*xi +aa bi:vxi X, faaa bi;k X Xy X, (3.16)

i=1 i<w w>i i<ww</ />i,]j

The effect of thearonical modelds to remove the quadratic and higher terms from analysis and
leave behind only the modified pure component properties and interaction effects. However, it
must be noted that the modified regresstarsand 4, do not represent only pure component
propeties or only interaction effects. On thentrary, because of the colinearity introduced in

the derivation of the canonical models, the modified regressors are amalgams of the pure

component, interaction, and quadratic effects, as showq.i8.17 and . 3.18:
b =b,+b +b, (3.17)

by, = by, - by - by, (3.19
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To execute a mixture design using canonical models, Scheffe (1958, 1963) proposed
using lattice design point® form a grid n the simplex diagram as shown in Fig13. Good
properties of the design points consist of orthogonality, rotatability, and symmetry about an
experimental center poiftazic 2004). The design points for screening molecular architectures
are located where the predicted variance of the model coefficients wmiini@ized, also known
as minimizingD-optimality (Meyer and Nachtsheim 1995). For the case 06 thesign points
in Fig. 31., the points are located at the pure component veiditgéshalfway along each axis.
Additionally, it is common to place a puiatthe center of the design space, although this was
not done in the example shown in Fig..3.0ther designs based on Bayedxoptimality, I-
optimality, and Bayesiaroptimality can be found in Meyer and Nachtsheim (1995Jhe
designs are partitarly useful when a constrained region is studied and no classical design is
available(Erikssonet al. 1998)

The next step in the design is to conduct the experiments at the design points and measure
the attribute and physalchemical property responses. Since the simplex lattice design is a
boundary design problenwith at least as many design points as regression terms, then the
estimatedregression parameters for the empirical modasy be taken directly from the
respamses at each design pofot the canonical mod€KettanekhWold 192). However since
the canonical model is colinear and not orthogonal, these responses may not represent the true
property or attribute estimates. The true property/attrilestenate, or orthogonal effect, is
found by taking the difference in the valof the response at pure and infinitely dilute solutions
while holding all other constituents constanin additon,Cox (197 1) noted th

canonicaimodels have the following drawbacks:
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1. If two replicate experiments on the same system haveatine £xpected responses
except for a constant difference between replicates, it is obvious that fitting separate

replicatesall of the regression coefficients will be different in the two replicates.

2. The absence of squared terms makes it meaningless sadeoithe direction and

magnitude of curvature of the response to a particular component.

3. The interpretation of the regression coefficients is in terms of the responses for simple

mixtures.

Likewise, KettanelWold (1991)points out that the removal of tikenstant term to generate the
canonical model makes it impossible to center these models which often leads te an ill
conditionedX'X matrix. An ill-conditioned matrixs not symmetrical about the main diagonal,
which means that the order of differentiatics importantwhich can lead to errors during
inversion. It is of the utmost importance that the constituents be independent when performing
least squares regressions To address these issues, C@kKO71) proposed a variable
transformation with an arbdry reference mixture that would allow for the use of existing
polynomial models with additional constraints involving a reference mixture called the standard

mixture.
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Figure3.2 The Parameterization of th€omponentSpace inTerms of aStandardReference
Mixture (S) such that thdncrementalChange 3 in the Proportion of theComponenti is
Indicative of itsEffect on theResponse (Cornell, 2002).

Shown inFig. 3.2is a simplex diagranpublished by Cornell (2002)ith a standard
mixture s and a mixtue x with a larger proportion of constituert Noting thatx lies on aline
from s to the x; vertex, then the ratio of the otharl constituents are in the same relative

proportions as the standard mixture.

X =§+D (3.19)

Xy =Sy~ R (BZQ
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Rewriting the first and second degree modé&g, 3.3 and 3.4in terms of the change in
constituenti, 0, gives equation&q. 3.21 and 3.22yhich provide a direct link between the

regressors and the position of the design points to the reference nGauanell, 2002)

Ya b 0
= + ! ] 3.2
rag’ (3.29

é b, 832
*aﬁﬂj - sp e 422

Wherey(X) is the expeted response at design poxandy(s) is the expected response at the
standard reference mixture. Hence,Samith and Beverly (1997point out, the gradient, or
change in response per unit changg along theline betweerPoint SandPoint Xin Fig. 3.2 is
called theeffect of x providedx; is free to range from 0 to 1lt has also been shown that the
response at the standardxture is equivalent to the estimate fregressor (Boxet al. 1978).
Likewise, the transformedariables of the expresions in Eg. 3.21 and Eqg. 3.2&n be

representeds:
- N I
a %8} = a bi X (323

a &Laf :é;_ b, X x; (3.29

The end result of this analysis are polynomial expressions identical to Eq 3.3. and @&ih but
the added benefit of the major colineastbeing identified and removed for mixture design.
Hence, the regressors, are estimates of the pure component physaamical properties or

attributes. Furthermore, the estimated response surface germratdeer the Scheffe canonical
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models (Eg. 3.14 and 3.16) the Cox polynomiamodels (Eq. 3.3 and 3.4pve beentoown by
Cornell (2002)to be identical. More discussion on the interpretation of these models and their
parameter estimates can be found in Chapter 7.

Once the model parameters are determined using Eq. 3.10, the adequacy of the model is
tested and the digm is iterated until a good empirical model is developed or optimum solution is
discovered. The iteration of axperimental desigto find an optimum solutioms among the
most complexproblems for a research@razic 2004). In the context oMDOE, inerpretation of
the modelsmodel parameters, and the effects of each of the compooeritee propertiesr
attributesof the mixture is the objective of screenidgsigns. Beyond screening designs, the
prediction of theoptimum from the propertyr attribute models can help to focus future
experimentation and improve the interpretation of the promergttributemodels.The success
of the design is judged by the ability toiae at the feasibility regionReaching the optimum is
more efficient if theempirical model is adequat@.azic 2004). The Ftest is most often used as
a measuref the adequacy or laelf-fit of the model Determining how much variance is being
described by thenodelcan also beiccomplished using?, a measure of fit of the rdel to the
existing structure, an@?, a measure of the predicted fit of the model when elements of the data

structure are removed.

2 _ SSot_ SSes

R e (3.25
2 _ 5305 SS>RE

Q s (3.26)

where SQ is the total sum of squareSSesis the residal sum of squares arfiSge is the
predicted residual sum of squard®* andQ? values of 80% and above are generally considered

good. Increasing thewumber of model parameters is usually the preferred choiceptove the
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lack-of-fit, often resultingin quadratic, speciatubic, or even speciaduartic models (Brandvik
1998, Brandvik and Daling 1998)-or these higher ordenodels, transformations would need to
be applied in order tsufficiently linearize thenmn order to test their normalityA discussion on
linearization techniques is presented in Chapter 6.

Once the model is deemed adequate, the region of applicai@igs to be determined.
Since the mixture design iperformed in the local domain, then the resulting regression
coefficients of he property models express factor effects exacttizat part of the domain. If the
predicted optimum lies outsid# the experimental region studied, then the experimentstoeed
be recentered around the optimumMany techniques exist to achieve thigpasitioning
includinggradient and nongradieaptimization methods.

Gradientmethods are based on the derivative of the response sorfatss and, as such,
are used only when the model is deerteetle adequate. The most common gradient method is
the mehod of steepest ascent which performs experimentwemtetermined steps along the
vector formed by the gradient thfe response surfa¢eazic 2004, Brandvik 1998, Brandvik and
Daling 1998). The step size is set accordingth® component that has thedast effect. The
method issufficient for single property models. To handle multieponses, the method uses
weighting functions on the responserface property models to create an overall gradient
function (Lazic 2004, Atkinson 1992)The weightingfactors and values are at the discretion of
the experimenter, which is a less than ideal situatigklso, whenthe number oimolecular
architecture optionss large, then graphicakpresentation of the method becomes difficialt.
will be shown in Chapte7 how using the property clustering algorithm and the reverse problem
formulation can be used to alleviate these issues. The paraomdrs the gradient expression

are the regressoc®rresponding to each effect direction and remain unchaasgétesolution is
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marched toward the predicted optimuapresented as the feasibility region. Once the solution
leavesthe feasibility region, the method is stopped and a new MB@¥be conducted. In cases
where the gradient method is unabtereach the fedsility region, either the adequacy of the
model needs to be improved or a more realistic set of targets neduks $pecified. If the
adequacy of the model cannot be improved enougbetaeemed sufficient and, as such, is
deemed inadequate, theangradent optimization is performed.

Nongradient optimizatiosearches for the optimum using a stgpstep comparison of
measuredproperty or attribute values. One of the most common types raingradient
optimizations is the simplex seatirecting methodLazic 2004). This method works by first
conducting a simple mixture designound an initial guess. Next the lowest response property
attribute value is dropped and a mirramage experiment opposite of tlteopped value is
conducted.The procedure contims until thealgorithm repeats the same experiments, indicating
that theoptimum is somewhere in the bounded regloke the gradient method of optimization,
nongradient optimization struggles witharchng toward a singlesolution for systems with
multiple molecular architectures that have competomgpertiesor attributes models (i.e. the
methodology can easily become trapped in local optirBajution methodologies to avoid such
situations are discussed in Chapter 4.

Once optimization has been conddt the design of the chemical product by the
researcher is finished and process design and development begin. However, there are two major
limitations in designing chemical products using MDOE that should be considered. FRilst, w
this transformation fo the original Scheffe polynomials removes the primary colinearity
introduced byEq. 3.11 it leaves the secondary colinearities such as those introduced by

constraints on the constituent ranges. Kettaveld (1992)suggests that the best solution may
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be to refrain from interpreting the coefficients and rely on the predictions only but notes this
solution is not acceptable in practice since the interpretation of regression coefficients is a
necessity when the objective is to find component effects iresioig situations. It is in this
arena that KettaneWold (1992) suggests the use decomposition techniques likerincipal
Component Regression (PCR) and Partial Least Squares on to Latent Surfaces (PLS).

In many cases because of tbemplexity of theinteractions, especially those across
multiple scalesthe datasets needed to describe the molecular architecture are large and highly
colinear These datasets are typically generated using a variety of characterization techniques
such as infrared (IR) onearinfrared (NIR) spectroscopy, wide angleray spectroscopy
(WAXS), and nuclear magnetic resonance (NMR), among others. The description of molecular
architecture captured by these techniques is typically too complex to be directly described by the
empirical models in a MDOE. Decomposition techniques utilize the colinear nature of large
datasets to consolidate the information into a set of underlying latent variables from which
mixture design can be conducted. Further discussion on experimentatahproduct design
using characterization and decomposition techniques can be found in Section 3.2.

Second, consumer attributes are seldom related directly to mixtures of molecular
architecture in a product design because process design parametetly tyjuizde the use of
intensive physicathemical properties to find optimum waperation arrangements. Often
instead, an attributproperty empirical relationship is developed to convert the attributes into
physicatchemical properties, followed by emical product design based on those physical
chemical properties. The attributeproperty relationshipcan be captured by varying the
suspected important properties in a batch of product samples and tiventbesh using a panel

of lexper tyamscensumer atiridutest dr eonventional lab equipment if they are

47



physicatchemicalproperties. One of the most efficient techniques for capturing the attrbute
property relationship ifactorial design Factorial design is a technique that vagesntitative

(e.g. molecular weightpr qualitativedesign factors (e.g. softnessjer an experimentalesign

range and measures the quantitative or qualitative response of the systeraxatt location of

the design points depemdn the base of the desigA base 2 desig(2’), where thef factors

(i.e. a attributes omp properties)are observed at both the higher and lower bounds of the, iange
most common In base 3design (3), center points are added, equidistant from the higher and
lower bounds. For all of the desgrthe design points are located around a nexus that is as close
to the expected target as possible. The number of experiments used in the design is set according
to the type of model chosen to reflect the respoAsebefore, i has been shown that patymial
models are the most efficient models é@mveloping the attributproperty relationshigCornell

2002)

In most cases, the number of factors influencing the consumer attributes of interest are
relatively small and can be handled using full factorial design techniques. Howevke as t
number offactorsincreases beyond> 5, the number of required experiments to conduct the
design becomes too large to efficiently execute. For example, a screening design involving 6
factors would require 64 experimental runs without replication or center points. Ber the
situations, as fractional factorial (2" ")’ becomes the choice in design and allows the
experimenter to increase the number of factors for the same number of experiments. The trade
off in using fractional factorial design is the confounding of factatls one another. With some
forethought, this situation is handled by maximizing the resolution of the design. Typically, a
resolution four (RIV) design is chosen that ensures that all main factors are protected from two

way interactions. Sometimes wherperimental runs are constrainedsolution three (RIII)
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designs may be chosen which confounds stwmmeway interactions with the main factors. In
those case, the experimenter may use previous knowledge to disamgsnfeasible two way
interactions gor to executing the experiment.

Concurrent with developing the attribyteoperty relationship, a set of validation tests
are used to not only confirm the existence of a suitable candidate product, but also to serve as a
tool for evaluating the canditaproducts against a benchmark. The benchmark may be simply a
compari son wi t h a competitoros product, or
measurable attributes, like sales, price, etc. Most products, however, cannot be explicitly defined
in terms of these attributes and need to be convéotadset of physicathemical properties first
before proceeding with design.

After the attributeproperty relationship is developed and the attribute constraints are
converted into physicathemical propertyconstraints, then the chemical product design
proceeds in the same manner as it did for attributes using the steps outlined at the beginning of
this section. First, the propesntyolecular architecture relationship is developed through a series
of experinents. Then the candidate mixtures are optimized to reach a desired target. The most

promising candidates proceed to the process design and development step.

3.2. Experimental Design using Multivariate Data

Often in chemical product design the molecudachitecture is complex, containing
important structural facets that exist over a multitude of length scales. To capture the important
structural data for a single configuration requires multiple characterization experiments, each
generating a large assment of highly correlated descriptor data. Managing the complexity of
this data structure requires the use of decomposition techniques spdhcgsal component

analysis (PCA), independent component analysis (ICA), and network component analysis (NCA)
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to detect trends, groupings, and outliers in such sysfévodd et al. 1987; Gabrielssort al.

2002) Decomposition techniques also afford the ability to reparameterize the system into a
lower dimensional latent domain where other chemometric techniques such as principal
component regression (PCR) and partial linear regrasn to latent surfaces (PLS) can be used

to build the attribute and/or property molecular architecture relationships. The use of
characterization property data and decomposition techniques adds an additional step to
conventional MDOE blending exparental designs.An overview of the experimental design
method using characterization data is as follows (Gabrielss@i. 2003, Gabrielssort al.

2004, Gabrielssoat al.2006):

1. Identify the important molecular architecture features of the chemicdugraising
characterization on a training set of similar chemical products.

2. Decompose the characterization data set to find the latent property domain.

3. Postulate anodelthatrepresergthe attribute or physicathemical property response
as a function ofatent variables.

4. Conduct a factorial design on the latent property domain to establish the attribute
latent property relationship (e.g. seldetlatent xperimental @sign points to test the
facets of the molecular architecture of interest, collectrobtiens at those design
points, and fit a latent variable model).

5. Testthe adequacy of the modasing model fithess and predicted fitness followed by
calibration experiments

6. Repeat steps-3 until a sufficient empirical model is developed.

7. Use mixture dsign to identify a set of candidate mixtures based on the original

training set of data that deliver the desired attributes.
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8. Validate and optimize the molecular architecture of the candidate solutions using
gradient or nongradient mixture design technggue the latent variable descriptor

domain.

3.2.1. Characterization Techniques

Characterizatiordescribes a class of experimental tools that gather information on not
only chemical constituency or molecular structure, but als¢éarger structural charastistics
describing the orientation and alignment of these molecules often celle®, micro-, and
mesaostructure. Some examples of characterization techniques include nuclear magnetic
resonance (NMR),wide angle x-ray diffraction spectroscopy (WAXS), ard infrared
spectroscopy (IR).The techniques are often applied to a training set of molecules defined by an
experimental design used to explore the interesting facets of a set of property attributes.

Characterization, in general, provides large quantibkesorrelated data from which
useful information on molecular architecture can be extracted. This generated data is often
referred to as structural descriptoR®) ©f the molecular architectureX). Fig. 3.3 has been
developed as a general guide to #vailable options, highlighting the interconnectivity of the
types of characterization, molecular architecture, and product attributes and properties available.
Managing the complexity of the information requires a systematic method for determining which
specific information on molecular architecture will be necessary to build appropriate models for
a specific application. It is proposed that the most efficient manner for achieving this objective
is to use the minimum number of characterizations necessa@gnerate the necessary structure

information.
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AFM/SEM / TEM
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steel system can be found in Olson (1997)
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Figure 3.3: AnOverview of thelnterconnectivity ofCharacterizationTechniquesMolecular
Architecture, andPhysicalProperties and\ttributes ofChemical andVaterialProducts.

For example, Olson (199froposes a hieraral structure to describe a higlerformance
alloy steel based on the th#lek chain of processing, structure (molecular architecture), and
properties as shown in Fig. 3@Ison 1997; Tolleet al. 2009) Tolle et al. (2009) notedhat the
structures identified by Olspmamely the matrix constituency, strengthening dispersion,-grain
refining dispersion, austenite dispersion, and goauandary chemistrgould be described solely
throughwide angle X-ray spectroscopyWAXS) using a nodetfree analysisas shown in Fig.

3.5. Other characterization and simulation options for describing thegagbrmance alloy
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Figure 3.4: The m®cessStructureProperty Relationships for edigh PerformanceAlloy Steel
(Olson 1997)
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Figure 3.5 WAXS Characterizatioof a Hgh PerformanceAlloy Steel (Olson 1997)
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The main characterization used in the design of chemical produttis nlissertation is
spectroscopy. Spectroscopy is the detection and analysis of the radiated energy absorbed or
emitted by the architecture of a chemical spe@kins 1998) Molecular spectra are generated
when the periodic motion of atomic nucl ei Wi
bombarded by radiation, exping the fact that molecules absorb specific frequencies that are
characteristic of their structure. Motions can be in a straight line like symmetrical and
asymmetrical stretching, and/or rotational like twisting, rocking, wagging, and scissoring
(Workman and Weye2008) Depending on thaature of the environment surrounding the local
molecular architecturerotational, vibrational, and electronic energas absorbed or emitted
For example, a molecule witk atoms has three degrees of freedom of motid\) (@th three
axes of translation (X, y, z) and three axes of rotation (from inéwtla)kman and Weyer 2008)
Removing the six molecular motions leadd6 vibrational motions (8-5 for linear molecules)

within the molecule which can be characterized using vibratigpectroscopy.
N, =3N - 6 OR N, (linear)=3N - 5 (3.27)

The vibrational motions exist in many forms, each having a specific frequency associated with it.
When the vibrations have amplitudes of1I%% of the average distance between aidhey are
referred to as Harmonic or norm@lNorkman and Weyer 2008) The frequency at which
harmonic vibrations absorb energy is dependent on the type of vibration, not on the amplitude.
Rather, the amplitude of the absorption is determined by the absorgindtyhe number of
molecules encountered within the beam path. These relationships are best quantified using the
BeerLambert Law where the absorbar®®is equated to the product of the absorptidtf a

molecular vibration, the concentrati@anof the molecules in the measurement beam, and the
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pathlength of the beam within the measurement dev{éd¢kins 1998; Stephensast al 2001;

Workman and Weyer 2008)
P =gl (3.28)

In terms of transmittand@’ from 0.0 to 1.0, the absorbance can be rewritten as a function
of the incident energy, on the sample, and the attenuated enérgfter sample interaction

(Workman and Weyer 2008)

P2 =- logP" =- Iog%— (3.29)
¢

QOO

[o]

The magnitude of absorption depends on the concentration of the sample, which can be
parameterized in terms of the number of atoms, bonds, functional groups, complete molecules,
microsctructureandbr particle size and shapach deviation fronthe baseline is indicative of
an aspect of the molecular architecture of the chemical product. For IR and NIR spectroscopy,
the deviations from the baseline are usually a result of specific types of molecular functional
groups, although in some cases, theviations may be the result of larger scale structure
(Socrates 2001, Abelst al. 2008). The inherent vibrational motions of the constituent atoms
within a molecular group result in unique set of frequencies at which the group absorbs incident
radiation, often referred to as a spectruBhown in Fig. 3.6 is thefraredspectrunof five solid

form excipients ofnannitol
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Figure 3.6: Thdnfrared (IR)Spectra ofDifferent Solid Forms of Mannitol (Gabrielssoret al
2003).

A molecule containing multiel groups may, in turn, contain overlaps in the spectral
featur es, but , various Afingerprinto regions
various forms of molecular architectui@tephensomt al. 2001) The most common functional
groups ad their corresponding frequencies have been thoroughly categorized by various authors
such as Socrates (2008), Atkins (1998), Workman and Weyer (2008) amongst many others.
Each functional group will often have more than one characteristic (or fundansdrgafption
band associated with it; a result of different types of vibrations of which the group is capable.

For example, the first order acyclic CH group has a frequency (betweer28989%cm’) at
whichthe GH bond vi brati onal ifrequéneytbetecerc3@B2®ecmand an ¢

at which the bond.Fova reethgene gooopa6 typgs ofivibratiordirsclude 2
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types of stretching (symmetrical and asymmetrical) stretching, and all 4 types of bending
(wagging, scissoring, rocking, @nwisting). As the number of atoms in a molecule or functional
group increases, interactions between atoms increases leading to ever increasing types of
vibrational modes. For this reason, absorbance data is usually only interpreted in terms of these
first six modes.

In addition to the primary fundamental absorptions, overtone and combination bands can
also exist. Overtone bands result whemadditional quanta of energy is absorbed by the
molecule. When one quanta is absorbed, a fundamental ibcatonirs. When two quanta are
absorbed the first overtone is vibrationally excited, three quanta lead to a second overtone, and
so on. Since the additional quanta are being absorbed, it follows that the overtone bands will
approximately exist at integemultiplications of the energy level (frequency), leading most
overtone bands to appear in the Aefrared(NIR) region. For instance, the first overtone band
of the stretching vibration of a-8 bond is at 5916698 cnt, approximately twice the
fundametal vibration. Fig. 3.7 illustrates the overtone bands of the four solid formsuwhitol

in the near infrared region using NIR sprescopy.
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NIR Spectra
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Figure 3.7: ThéNearInfrared (NIR)Spectra ofDifferent Solid Forms ofMannitol (Gabrielsson
et al 2003)

A more rigorous estimation of these bands can be predicted using tioeliSgar wave
equation and a har moni c oscill ator based on

expressiongWorkman and Weyer 2008)

(3.30)

(3.31)

WhereK is a bond force constant that depends on the type of bond betweeMatandM, are

the masses of atoms 1 and 2, and the vibration frequencpyi s Pl anc k 6 gyisanonst an
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integer of the vibrational quantum number (O for ground state). The most realistic estimation of

the overtone bands, however, includes a correction for anharmonic osci(Buons and

Ciurczak2008)
E, =hv, (3.32)
_ 2
v = Vig - XV, (‘7 tq ) (3.33)
1- 2%

WhereV’,is the overtone frequency amds the anharmonicity catant for a specific bond type
asgiven inGroh (1998). For example, the first overtone band)(®r a GH group contais a
0.019% shift due to anharmonicity£0.00019) resulting in hand frequencgt 59175697 cm

!, An outline of the €H stretch vibration is presented in Table @Morkman and Weyer 2008)

Table 3.1. Relative Band Intensities foHCStretch(Workman and Weyer 2008)

Band Wavelength Region (crit) Relative Intensity
Fundamentaly) 29592849 1
First Overtone (2 59175698 0.01
Second Overtone {3 88738547 0.001
Third Overtone (%) 11,83411,390 0.0001
Fourth Overtone (9 14,49312,987 0.00005

It should be notedhat although group frequencies are expected to exist within narrow
ranges, interference and perturbation may cause a shift in the characteristic bands due to the
electronegativity of neighboring groups or atof8scrates 2001) These shifts can be estted

using combination bands, first order coupling, and Fermi resonance. Combination bands can
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result from theconfluenceof fundamental bands. For instance, when a stretching vibrai®n
combined with a bending vibratiodd a combination band+d results(Workman and Weyer

2008) These types of bands are generally very broad and difficult to interpret directly in terms
of molecular architecture. First order coupling of vibrations occur between two or more bonds in
a molecular grop when the species are of similar symmetry and energy. This results in a
degeneracy that splits the energy states into bands that absorb at slightly higher and lower
frequencies than expect@@urns and Ciurczak 2008)Similarly, Fermi resonance is the sedon

order coupling of vibrations and shifting of frequencies that result in an overtone band and a
combination band(Workman and Weyer 2008) Group structures that contain coupled

transitions are shown in Table 3.2.

Table 3.2. Group Structures Exhibiting First Qr@eaupling(Workman and Weyer 2008)

Absorbance Type Group Structure Common Examples
Cumulated Double Bond Stretching X=Y=Z C=C=N
Paired Stretching -XY - -CH,-
Paired Triplet Stretching -XY 3 -CH3
Paired Triplet Bending -XY 3 -CH3
Secondary Amide Bending R-CO-NH-R 6 CH3-CO-NH-CH;3

In Raman additional low frequency modes are also observed. WhereasadRept at
discerning the structure of molecules with dipole moments and ddiR capture specific
functionality fingerprintsRamancan discern the structure of honuclear system@urns and
Ciurczak 2008) Ramanworks slightly differently by exciting the molecular bondsateirtual

energy state that is far above the vibrational energy levels, but is capable of describing bands
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which are weak or inactive in the infrdresud as those due to the stretching of skeletal bonds
such as C=C;S, S5l NEN, ar@d BN(Socrétes 2001)This makefkamanideal for
describing backbone structure, particularly the polarizability of symmetric structures that are
inactive in IR ad NIR.

Regardless of thgype of vibrationally active spectroscopy (i.e. IR, NFRaman etc.),
two criteria form the backbone of the tools developed in this dissertation. First, it should be
noted thatthe intensiy of any spectroscopiabsorbance isot only due to the strength of the
bond in a functional group, but also to the number of timeskibatl orgroup occurs in the
system This observatiosuggests tht spectroscopiinformation could be adapted to the group
contribution methodConstantina et al. 1993; Marrero and Gani 2001; Socrates 2008
method that incorporates IR and NIR spectroscopy data irtloaeacterization based group
contribution (66CM) approach isleveloped and discussed in deiaiChapter 9.

Second, @ effectively use gectroscopic techniques to design chemical products it is
important to capture the important features of the molecular architecture of the system in the
initial training set. Although the exact number chemical constituents will vary according to the
desied accuracy of design (e.g. screening vs. optimization), it is generally deemed acceptable to
capture the spectroscopic characterization of approximately 30 chemical products with similar
molecular architecture to the desired chemical product (Cornell)2002xtures of these
chemical constituents will form the initial candidate solutions for the chemical product design

prior to optimization.

3.2.2. Principal Component Analysis and Regression

After spectra are generated, decomposition techniques like PCR, and PLS are used

to consolidate the data, develop the underlying latent variable structure, and construct the
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attribute (or propertyj latent variable relationshipsfhe objective of decomposition techniques

is to describe the variation in the dafising a minimum number of variablbyg fitting a p
property characterization, structural descriptor data set of molecular architecture information to a
lower, mdimensional suiproperty space or hyperplane. By using the vari@mosariance
structure tocompress the property data tan principal component data, it ensures that the
property subspace is appropriately orthogonal and devoid of any colinearity which may exist in
the property or attribute domainThe most common decompositiaises least sques as the

fitting function and is known agrincipal component analysis (PCA) and is shown below

(Gabrielssoret al.2002)
P=TQi+E (3.39

Since decomposon techniques like PCA are susceptible to large differences in scales and
variance, it is general practice to standardize the property data prior to analysis (Johnson and
Wichern, 2007). In particular, the structure descriptor, property data nRatconsisting ofp
properties described bymolecular architectures, is meaentered and variance scaled to unity
across thep properties. This standardization helps to ensure that the multiple sourpes of
property descriptor data contain the same datectstre and, therefore, can be decomposed into
meaningful eigenvectorand eigenvalues. The underlying latent property, or score mgtrix
consists of the relative distances to the projected values of each property on to the eigenvector

defined hyperplanas shown in Fig. 3.8.
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Figure 3.8 A PCA lllustration of aleast SquaresFitting of a Lower, m Dimensional
Hyperplane t@ DimensionalPropertyData(Gabrielssoret d. 2002)

The eigenvalues can be considered measures of the eigenvector contrasts, or Lloaxfitigs
original variables. Each loading in the loadings maditri@lescribes how the property values are
weighted together for each principal component aedgpresented as a hyperplane. Values of
loadings vary from being highly correlatedth property values, scored ak and 1, to being
uncorrelated with values of 0. Finally, the difference between the projections and the property
values are contained the residual matri. If the dimensionality of thg property domain is

the same as tha latent property subdomain, then the determinant of the residual reasig,
indicating that no error exists in the transformation. However, this conditisald®m met.

Most applications of PCA result in tHiest 2 or 3 principal components accoimgtfor 80% to

90% of variationp property domainas measured by the eigenvalf@shnson and Wichern

2007) All other information is usually found in the nexero residuals matrik.
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The procedure for determining the eigenvector/eigenvalue pairs in &w@Ahence the
principal componentsis usually performed by either singular value decomposition (SVD),
spectral deamposition or an iterative scheme like the NIPALS algorithm (Geladi and Kowalski
1986, Woldet al. 1987). New, orthogonal latent property components are fitted to the data
structure beginning with the latent properties with the highest eigenvalues first andiiogntin
until (1) enough variance in the data has been described (e.g. 80% or higher) or (2) the
eigenvalues no longer appreciably change. A scree plot can be used to determine when the

proposed decomposition is sufficient, as shown in Fig. 3.9.

200

100

Eigenvalue

Number of Components

Figure 39: A JMPScreePlot of the CovarianceBased PCA on IR and NIBpectroscopi®ata
of Filler Excipients forDirect Compressed cetaminopheifablets (Gabrielssoet al.2003).

By definition, a scree plot is a visual depiction of the magnitude of the eigesvwatrsus
their number in order of decreasing magnitude. The appropriate number of latent variables are
determined to be those above the bend in the plot and the remaining values and judged to be

relatively small and all about the same size, meaningaheyot adding significant information
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to the design. These components can be removed without much loss of infor{@atiason

and Wichern 2007) For example, in Fig. 3.9 it was determined that 3 principal compoegist

above the bend and contain 91% of the variation in the characterization data (not shown), thus
only m=3 latent properties will be used in the design. The resulting generalized PCA model is

then:
= Tombine (3.35)

Performing regressioon decomposed data structures involves replacing the independent
variables in the MLR expression with the underlying and orthogonal latent variables. This
replacement spans the multidimensional spaceXoimore efficiently when conducting
experimental dagn which results in stronger predictive expressions. When the decomposition

technique is PCA, the regression is known as PCR and has the following structure:
Y=TB (3.36)
B=T'YTT)* (3.37)

where Y is an uxf set of attrilutes or physicathemical properties anB is a mxf set of
regressors describing the attriblagent property models. One of the greatest benefits of PCR is
that because the score matrix contains no colinearity, theh th@version will be guaranteed.

At the same time, random noise is easily removed by including the3qpi@cipal score values

in the model that describe 8090% of the data. However, to ensure that the application range
of the model is suitable, it is wise to conduct any experiatatg@sign with the latent properties

as the design factors. A discussion on network component analysis (NCA), which atilizes
priori knowledge of the molecular architecture to find the latent properties is presented in

Appendix A3.
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3.2.3 Partial Least Squares on to Latent Sufaces (PLS)

PLS takes PCR one step further, as it deals with the decomposition of both descriptive
information (characterization property data) and response information (attribute of physical
chemical property data). Fig. 3.10 shaav®BLS model being generated between descriptor data
P, which could be molecular descriptors or property descriptors, and responsé, adtach
could be attribute or property information. For example, suppose a PCA is performed on both
the P andY data,represented aslue arrowsin Fig. 3.10. The descriptor scoresand plotted
against the response scotesnd the resulting least squares fit between the data sources is the
PLS model. This approach ensures the best possible correlation between datatwets, but
not necessarily the best description of BrendY data individually.

Geladi and Kowalski (1986) favor an iterative algorithm called NIPALS to handle the
development of these relationships. The technique uses relational forms toubetildetations
(PCA) of P andY, inner relations betwedd andT and a least squares regression for the mixture
of the two. It is important to recognize that to maintain orthogonality, loading weights will also

be needed. The generalized approach fslsvs:

E, =U, W, (3.38)

nx|

wheredl is again the point estimate of response (i.e. attributes or phybiealical properties),

U is anxl matrix of the latent variable scores aWd is aIxf matrix of the latent variable
loadings. As with the propertydescriptor latent propertiethe ldent variable representations of
the attributes will contain a significantly lower dimensionality. Regressing the lower
dimensionall,y attribute scores against thgm property descriptor scores of Eq. 3.35, results in

Eqg. 3.39.
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U =ToeB (3.39)

— Tnxm™=mxf

where B is a set ofmx/ regressors describing the latent attriblatent property descriptor
relationship. Iterative algorithms like NIPALS are utilized to determine the latent attribute

variables, latent property descriptor variables, and regressors, A detailed descfiptiontbe
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method calculates the latent variables can be found in Geladi and Kowalski (1986kt\Vabld

(1987), and Muteket al. (2006, 2007.

3.2.4 Mixture Design and Optimization with Latent Variables

Finding the optimum mixture or set of candidatixtnres that deliver a set of consumer
attributes or physicathemical properties is the customary objective of the chemical product
designer. Mutekiet al. (2007) outlines four distinct problem formulations when using
multivariate data: (1) the design bliend fractions where the molecular architecture training set
is predefined, (2) the design and selection of undefined molecular architectures using a database,
(3) the design of blend fractions with a predefined molecular architecture under process
constaints, and (4) the design and selection of molecular architectures and process parameters.
The focus of this dissertation is on improving the first two cases, leaving the latter two cases for
future work.

For Case 1, traditional mixture models like 8id canonical and Cox polynomial
models are usually employed to investigate the relationship between the molecular architecture
blend fractionX and the final product attributes and/or properfeKettanehWold (1992) and
Eriksson et al. (1998) proposeusing PLS regression to fit both Scheffe linear and Cox
polynomial models for mixture data and show how it can effectively deal with colinearities. The
proposed mixture models are typically linear in nature, but recent work by Muteki and
MacGregor (2007has shown that nonlinear relationships can improve accuracy in some cases.
However, although this approach can deal with mixture colinearity and provide good estimates
of the model parameters, it is limited to describing attriootdecular architecturelirectly
which limits the chemical product design to only be a mixture of the chemical constituents used

in the training set.
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Case 2 is a recent exploration within the process systems engineering field and addresses
the shortcomings found in Case 1. @alssonet al.(2003),Muteki et al. (2006, 2007), Garcia
Munozet al. (2010), and Solvasoet al. (2008, 2009, 2010), all propose using a combination of
attributelatent property and latent propertyolecular architecture relationships to design
chemicalproducts in the latent domain. The attriblateent property relationship can be derived

from an attribute property descriptor relationship using either PCA or PLS.
Y=f(P)+E, (340)

Any nonlinearity in the attribute or physicathemical poperty response should be
handled in this expression (Muteki and MacGregor 2007). The latent propelegular
architecture relationship is derived from the property descriptbecular architecture

relationship in the same manner:
P=f(X)+E; (341)

The most common relationship is ideal linear mixing:

i = XP (342
which can be reduced to a mixture of the latent score variables using decomposition.

£ =XT (343
It should be noted that the loadings)(aretreated as transformation functions between the latent
domain ) andthe property descriptor domaiR)( Other types of nonlinear mixing have been
explored by Muteki and MacGregor (2007), but are beyond the scope of this dissertation.

To solve the desig problem, Gabrielssoat al (2003 suggests using a training set of
experiments to decompose the design space into latent variables first, followed by conventional

mixture design to find the training set candidate with a latent variable structure tohesntite
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optimum predicted structure. Experimental gradient andgnadient optimization techniques

are then employed to explore the design space. Recently, Mu@kP006, 2007) and Garcia
Munozet al.(2010) proposed a similar method that searehesich larger database of potential
chemical products to find latent variable matches of the original training set latent variables that
deliver the desired attributes or physichkemical properties. This approach makes the
assumption that the attribstand/or physicathemical properties of the chemical products in the
database correlate well with the training sets properties. The same assumption also applies to the
molecular architecture. Both of these conditions are naturally met in industriatatippls
because of the importance of blending fractions, but require verification in a laboratory setting
(Muteki et al. 2006). A general discussion on the mathematical formulation of this optimization
problem is presented in Chapter 4, and a speciicgle is provided in Appendix A7.

There are several advantages to using the two stage approach in Case 2 over the single
stage approach of Case 1. First, it providedirect interpretation of theffect ofthe property
descriptors(P) on final product attributes and physicathemical properties(Y), that is, it
provides information on whairoperty structure descriptoagfect whatattributes something that
traditional mixture models using only thé and Y matrices struggle doing (Muteki and
MacGregor P07). Second, Gabrielssehal.(2003) and Muteket al. (2006, 2007) have shown
that the two stage approagbrovides better estimates of the blendttributes and/or physical
chemical propertiegY) than the traditional mixturenodels because of the uskthe additional
structure descriptor informatio). Third, GarciaMunozet al. (2010) and Muteket al( 2006,

2007) have shown that new chemical products that have never been used in the past can be found
by matching the latent structure of the dasid mixture {]u) using a mixture design and

optimization framework (Muteki and MacGregor 2007).
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However, while a powerful addition to the tool set available to the chemical product
designer, the two stage method presented in Case 2 suffers &aantie limitations all database
searches do; namely, the design is only as good as the chemical products available in the
database. Logically, if the database ifilbr med or i ncompl ete, the Ao

product candidates will only be lalcestimates of the true, global optimum candidate. This

observation is discussed in more detail in Chapter 4.

3.3. Summary

In conclusion, experimental design approaches have traditionally been the choice of
chemical product designers when understandifigthe molecular architecture, consumer
attributes, or physicathemical properties are poor. They offer real, tangible results and instant
validation of the process needed to manufacture the chemical product. While many advances
have been made to impmvthe efficiency of experiment based chemical product designs,
particularly for optimization, the designed candidates will always be subject to the ability of the
training set to capture the appropriate relationships between the molecular architecture, the
attribute, and physicalhemical properties. Hence candidate solutions generated with
experimental based design and optimization techniques will be subject to some uncertainty. In
most cases this is an acceptable solution, however for some classeslefgrcomputer based
design and optimization methods are preferred. A discussion on computer based methods can be

found in Chapter 4.
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Chapter 4

Computer Aided Design of Chemical Products

Chemical product design and development involves the coowen$ia conceptual idea
into a tangible, manufactured object with a defined molecular architecture. Design is sometimes
also referred to as formulation, a term typically associated with the pharmaceutical industry that
describes the method of combinindfelient spatial arrangements of chemical species to make a
medicinal product. It encompasses the generation of a concept, followed by the gathering of
many sources of information, and the conversion of that information into a product with detailed
performance criteria including a rigorous process degignkatasubramanian 2008, Zheioal.
2006). Due to the immense amount of information needed to make a targeted, stable specialty
chemical product, and noting that this information is often {rdkated,formulation is often
approached using mathematical logic programming. Many types of product formulation
programs exist, each incorporating specific idiosyncrasies of different data sets, information
sources, and lengiécales. To solve these types oflpemns, a mixture of talents and techniques
is needed to acquire information and distil it into useful programming constructs. Historically,
performing this task has been the study of computer engineers and scientists, but increasingly, as
chemical engingeng moves from a 'data poor' to a 'data rich' discipline, integrating information
flow methods into conventional chemical engineeringdesign procedureswill become

increasingly important (Venkatasubramanian 2009).
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4.1. Mathematical Formulation of Chemical Product Design

A mathematical view of the chemical product and process design problem is presented by

Gani (2004) :
Foss =max{C"d + f (x)} (4.1)
h,(x)=0 4.2)
h,(x)=0 (4.3)
hy(x,d)=0 (4.4)
I, ¢g,(x) ¢y, (4.5)
I, ¢ g,(x.d)¢u, (4.6)
|, ¢ Bd+Cx¢ u, (4.7)

In this formuldion, the chemical product design objectives are defined by an objective function
(Eq. 4.1) and set of constraints (Eq. 4.2.7). For convenience, the molecular architecture
information K) has been broken intq a vector set of continuous variableprasenting mixture
compositions of molecular architectures, adda vector set of binary integer variables
identifying the presence of molecular descriptors such as atoms, molecular groups, and other
types of product architectures. This differentiation mmolecular architecture improves the
efficiency of the algorithms used to solve the formulation and is discussed in more detail in the
next section. I n a similar fashion, t he
physicatchemical propertiegY) are differentiated using the following scherngx) are shown

as a set of attribute or property equality constraints related to process design parameters (e.g.

pressure, reflux ratio), and explicitly described by the chemical compodiiei are tre set of
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attribute or property equality constraints explicitly described in terms of process models like
mass and energy balanchgx, d) are a set of attribute equality constraints related to molecular
structure, composition, and other information relgay product architecturey;(x) are a set of
compositionally dependent inequality bounds on the process design specificatioggxadyl

are a set of composition and molecular architecture inequality bounds on the product. Linear
inequality constrairst are described explicitly by Eq. 4.7. It should be noted that the binary
descriptor variablesd] may differ depending on where they are used in the mathematical
formulation. When used in Eqg. 4.1, descriptors represent the presence or absence of unit
operations while in Eq. 4.4, the descriptors represent molecular architecture features. Finally, the
term f(x) represents a vector of linear or Aamear attributechemical composition objective
functions of the system. A detailed list of the variatiohghe formulation are listed below

(Gani 2004)

1. Satisfy only Eq. 4.6.This type of formulation represents a database search for

validated molecular structures that satisfy the property constraints.

2. Satisfy only Eg. 4. This type is referred to as enumeration, where all candidate

molecules are generated.

3. Satisfy Eqg. 4.4 and 8. There are two methods for solving this type of formulation.
The first is to independently apply constraint 4.4 and then 4.6 in seriegrot@ss
known as fAgenerate and test. o The second
4.4 and 4.6 in parallel. In this type, only molecular architectures that meet constraint
4. 6 are generated. This is knowinbe as a

discussed in more detail in a Chapter 6.
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4. Satisfy Eq. 4.1, 4.2, and 4.6This type of formulation identifies the optimum

molecular architecture that satisfies the product constraints.

5. Satisfy Eq. 4.2 4.7. This type of formulation finds all moletar architectures that
satisfy not only product attribute constraints, but also process model constraints

simultaneously.

6. Satisfy all equations This formulation finds the optimum molecular architecture that

satisfies both product and process consaithultaneously.

When the formulation only contains linear functions, the problem can be performed by
commonly available programming techniques in familiar software sucYisaml Basic for
Applications (VBA) MatLab, and/or LINGO. However, when the foulation contains
nonlinear functions, the solution to the problem is more compliGatddnayrequire specialized
solvers such athose found inGAMS. Furthermore, the methods listed by Gani (2004) for
solving the chemical product design problem cardisélled into 3 basic types: searching a
database (Variation 1), generating a candidate (Variation 3 or 5), and optimization (Variation 4

or 6). The firstis related to searching for candidate molecules through a multitude of databases.

4.1.1. Searching a Database

By definition, a database is a large collection of data that is organized so that its contents
can be easily searched and retrieved, usually by a computeet &lgi1993) notes thatatabase
searches are one of the four categories of aterproduct design, according to definitions used
by chemeinformaticists. The other categories, compussisted structure elucidation (CASE),
computerassisted synthesdesign (CASD), and 3D structure builders, focus on generating

molecular architectes to meet consumer attribute targets, optimizing the molecular architecture,
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and developing the graphical user interface (GUI), respectively. CASE and CASD are discussed
in detail in Section 4.1.2 and 4.1.3. The last category, 3D structure buildédrs)otvbe
discussed in this dissertation.

Database searches rely heavily on the creation of a comprehensive database containing
information on molecular architecture, physicakemical properties, and attributes. Historically,
a chemical aqular@dhitecturé Isas buenldefined using characterization techniques
like infrared (IR) and mass spectroscopy and these were the first sets of data to be combined in a
databaseZemany 195Q) To search the data, Ray and Kirsch (1957) developed the first
structure search algorithm based on atoratom connectivity indices. Later, Gluck and
Morgan (1965) developed the first canonical form of the connection table using botiyatom
atom and bondby-bond descriptions. The American Society of Testing and Materials (ASTM),
the Chemical Abstract Service (CAS), the National Institute of Health (NIH), and many more
organizations have all developed versions of spectral databases aiedalreftystems.
Obviously, searching all of these databases with user specific codes would become quite
cumbersome which is why expert systems utilizing computer code to call up specific functions
have been developed. The use of dontaiiting steps wihin the expert system further reduces
the computational complexity by focusing in on molecules that meet certain physical criteria.
An example of a database search expert system is presented below.

Molecular transport through the cell membranes is aroitapt biological function. In
most cases the hydrophobicity of a molecular compound determines whether or not it will
permeate a cellular membrarfé/ang et al. 1997) Hydrophobiciy and other biological
activities have been related to the octamater partition coefficient (Idg§ow) via quantitative

structureactivity relationship (QSAR) studies. A database of physical property data, including
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the partition coefficient, can be sehed using the software BioPath.Explore (Ertl 2010). It
contains the physical property data important in biochemical pathways for over 1,175 molecular
structures and 1,545 transformation reactions. Suppose it is important that no molecules are
introducedto our sysem with partition coefficients largehan-1.95 The database is searched

and only 4 potential molecules are found to meet this criterion, as shown in the following table.

Table 4.1. ChemicatructuresProvided by BioPath.Explore thdded logK,, Constraints (Ertl
2010).

Record Formula Name LogKow
3 CosHaoN7018PS (2S, 3S)3-Hydroxy-2-methylbutanoyCoA -6.921

9 CosH3eN7019P3S (R)-2-Methyl-3-oxopropanoyCoA -5.032
16 CeH11010P2 (R)-Mevalonates-diphosphate -1.977
48 C3HgOo 1,2-Propandiol -2.817

The first two results are coenzymes and the third contains diphosphate. If additional constraints
are added to the solution such that only carbon, oxygen, and hydrogen are utilized in the
solution, then only 1;propanediol becomes acceptable

The potential drawback to this type of database search is obvious: the solution is never
complete(Ugi et al. 1993; Ugiet al. 1994) as new chemicals and reactions are added to the
database, the old solutions can no longer be considered optimal. Vladutz (1963) and Ugi (1994)
note that the chemical horizon of these programs is limdgtiose parts of chemistry that are
stored in databases. This is evidenced by the fact that BioPath.Explore currently stores only 20%
of the reactions identified in the Kyoto Encyclopedia of Genes and Genomes (KEGG) database.

Although this problem is snewhat mitigated by opesource database communities working to
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network as much data as possible, like PQRIEkisetty et al. 2009), the method would benefit
from a more systematic approach to searching.

Likewise, databases are also subject to the yualithe information that is loaded into
them. For instance, when the octanaiter coefficient, LoKow, for the 1,2propanediol is cross
referenced with other databases, such as ChemSpider (Williams 2007), a different property value
of -0.92 is obtained Thus, using database searches by themselves have a large capacity to miss
suitable molecular architectures that deliver physitemial properties and attributes desired by
the consumer. An alternative approach is to generate the database from as&taflgalidated

property structure descriptors.

4.1.2. Generating Candidate Solutions

The use of computers to solve the chemical enumeration problem, often referred to as
synthesis or design, is a long standing tradition in chemistry. Early worketey and Wipke
(1969) first showed that products and their synthesis pathways could be developed using logic
schemes for the computer combined with Ainfor
the researcher. THegic portion involves an automated procedure of enumerating the chemical
structure using chemical knowledge (e.g. structural descriptors). The absolute minimum input
into a logic based enumerator is the knowledge of the number of atoms, with no apegific
regarding the atom type, etc. For instance, there are 24 atomglucage. Using only the
knowledge that these 24 atoms may be arranged in any order, then 24! = 6.62mglé6ular
structures would be feasib{ggi et al. 1993) A significant reduction in the number of possible
atomic arrangements can be obtained by applying chemical knowledge to the problem, beginning
with rules about atomic nucleatructure (e.g.-@lucose only contains atoms of carbon, oxygen,

and hydrogen). It significantly reduces the problem such thAtidNy! = 6!6!12! = 2.483 x
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10 possible candidates remain. A further reduction in the possible candidates can be obtained
by including information on the valence shell electrons involved in bonding. According to
molecular graph theory, the total sum of valencies of all vertices in a graph equals twice the
number of edges plus ring$rinajstic 1992) Eljack et al. (2007) defined this observation in

terms of the number of unused bonds in a generated molecule called the Free Bond Number
(FBN).

FBN = J n,FBN, - 2¢& n, - 18- 26N, (4.9)

t=1 g[ =1 -

Here, is the atom typea is the total number of atom types,is the number of atoms of tyge
andNgg is the number of rings. A&BN of zero indicates that the electron valency shells of all
atoms in the molecule have been satisfied, which, in most éadestes one of the minimum
energy configurations of the atoms in the molecule. Applying this criterion and constraining the
problem to default molecular size parameters listed in ProCAMD in ICAS 13 6ahi2010),
and constraining the problem to alty compounds, reduces the potential chemical set to
approximately 10,000 compounds. Although this step excludes special chemical structures like
radicals, it benefits the vast majority of chemical product designs by limiting the results to only
structually stable chemical products.

Information about chemical structure and phys@amical properties can also be added
to the problem using physical property models. After the chemical structures are generated, a set
of property filters can be appligd the candidates such that only molecules with appropriate
properties remain in the candidate set. Thi s
and testo procedur e. One way of ‘testiatg the

have been previously discovered and validated. In the example, the 10,000 potential candidates
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are checked against compounds having exactly 24 atoms in the BioPath.Explore database (Ertl
2010) and results in a significantly reduced candidate list lgf Bhoptions. A second way of
testing the candidate list is to identify the candidates that deliver a desired phisicatal
property or attribute. For example, suppose the process suroen requires that the product

have at least a boiling poinbave 673K. Using the ACD/Labs property prediction tool (de Bie,
2010), boiling points are predicted for the candidate products. Four structures have boiling
points below the minimum and are removed resulting in a 10 structure candidate list.

It should k& noted that the candidate set used in the example represents all
mathematically feasible solutions reduced by a set of heuristics provided by the chemical product
designer. The initial list of feasible solutions can be significantly reduced prior Enswey
using molecular group theory to only generate chemically feasible products with complete
functional groups and group combinations. Functional group theory and the property prediction
techniques based on group theory are discussed in more d&aition 4.2.

Integrating the generation step with the screening step within a mathematical formulation
using an objective function is known as optimization. By definition, optimization determines the
best or 6opti mumbé pr osiontbedesighmiathe fomeulatios. Thereearec o n s
two main methods for finding the best product: matiieria decision making (MCDM) and
mathematical optimization. In both instances, the optimality of different products is evaluated
using formulations wh the objective function present (variations 4 or 6). However, the
mathematical complexity of optimization procedures can significantly reduce the efficiency of
chemical product design problems. In addition, since chemical product designs must be
validea ed with experiments, It foll ows that t he

should be used to screen the candidates and optimization should be used to choose the best
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candidate to validate with experiments. A detailed discussion on MCDM aritemmetical

optimization is available in Appendi1.

4.2. Useful Property Prediction Techniques

Over the past century, consumer attributes and physheathical properties have become
an increasingly important element of industrial and engineering chigni@tConnell et al.
2009) In partialar, the uses of physicahemical properties have become more sophisticated as
new chemical products with precise molecular architectures have entered the marketplace. The
multitude of competing chemical mechanisms that control these properties hesdreamical
product designers to become more efficient. Using integrated, computation based design
methods based on accurate data, chemical product designedewveleping and applying
complex models that reveal the conditions needed to attain desoedct content and quality
(O'Connellet al. 2009) These models take many forms, fraiminitio deterministic models to
purely experimental modeling techniques like multivariate linear regression. Regardless of the
type of property model used, it is essential that they are accurateleretial computationally
efficient throughout the entire design domain. It is also important to recognize that one
particular modeling technique should not beco
driveno approach shwodl dbolxed ragpmplroaed , wiwthker & i t
determined by the features of the problem at h&vWdnkatasubramaniaret al. 2006;
Venkatasubramaan 2009)

The roles of property models are intrinsically tied to their use in product design. Since
product design may involve both process and molecular engineering, the use of property models
will be utilized in different roles depending on the bgpc at i on. Gani and O

describe three distinctive roles of property models in design: service role, advice role, and the
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integration role. In the service role, property models provide estimates where needed for the
process simulation modelsThese process models use two kinds of properties: measurables,
such as temperature, pressure, and composition, as well as conceptuals, such as enthalpy,
entropy, fugacity, or chemical potent{@'Connellet al.2009) In the advice role, the property
models also provide feedback on conabarial and compositional feasibility, accuracy, and
reliability. In the integration role, the property models are reconfigured so that the feasibility
constraints can be aimtegral part of the design process, controlling the design of possible
process ad product configurations.

Although property models are generally recognized for their traditional service role, the
advice and integration roles are actually more powé@iConnellet al. 2009) These two roles
improve design by widening or narrowing the search space when requiredntneasing
solution method efficiencfO'Connellet al.2009) However, since the property models may be
linear or nonlinear, the forward based advice roles can become computationally cumbersome.
For example, the most common model formulation is a generalized expression, often in the form
of corresponding states where the variables are scaled by pure component critical properties and
combining rules are used for mixtures, as is the case for theRdngson (PR) equation of
state. Although one of the most expansive equations of state iit naapecome tenuous to
calculate thermodynamic properties of ternary and larger mixtures, as well as molecules
exhibiting long range order. There is also no guarantee that algorithmic programs using the PR
will converge to its optimum solution due tts inonlinear nature. Hence, there is a need to
balance accuracy and reliability against computational efficiency when identifying the
appropriate property models in advice and integration roles. Other requirements, such as

dependability, accessibility egerality, and effort will also need to be evalug@tConnellet al.
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2009) This presents a real challenge for chemical product designers with limited knowledge and
experience whose goal is to develop quantitative descriptions of natural phenomena that are as
varied as the phenomena thegcl&e. In order to maximize the effectiveness of the model and
mi ni mize the researcherodos effort, a etlalassi fi
(2009). Using a similar scheme to that of general product design, property models and/or their
pamameters are classified as follows: (1) retrieval from computerized databases, (2) estimation
via prediction, and (3) new data generation via simulation or experimental measu(&ment
and Whiting 200Q)

For Class 1 property models (i.e. retrieval from computerized databases), large amounts
of property data have already been gathered by researchers and placed in large databases. Search
algorithms can then be used to find models and their parameteescombern, of course, is that
the needed property and molecular architecture will not have been captured, or that an error in
consistency, tabulation, and/or omission has occyi@@onnell et al. 2009) To mitigate this
risk, Gani and O6Connel | ( 200 1)ify theediabiityncd n d t h «
vital data by comparisons among sources and by using fundamental variations with state
variables as given by thermodynamic equations and derivatives. In most cases, however, the
incompleteness of databases makes them best suit@dvioe roles in chemical product design.

The development of Class 2 property models (i.e. estimation via prediction) is the
approach to which chemical engineers are most accustomed. The approach to developing

property models and their parameters is showFig. 4.1.
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Figure 4.1: Types d¥lethods td=ind Parameters foPropertyModels(O'Connellet al.2009)

In general, parameters and models exist under different levels of empiricism, moving from easy
to use data dependent regressed models whose applicatgm isasmall, to computationally
complex models likeb initio which can be applied for any chemical system. In the middle are
the most common methods of Group Contribution (GC) and Quantitative Structure Activity
Relationships (QSAR) and Quantitative usture Property Relationships (QSPR) using
Topological Indices (T1). These methods balance full empiricism with basic chemical theory to
adapt the rigorous equations that describe molecular architecture into a workable form suitable
for design.

For Class3 property models (i.e. new data generation), the controlling mechanisms of the
system being studied are not well understood and the trend is to use experimentation or
molecular simulation. A more detailed description of property models based on expetionen
specifically the data driven models derived from experimental design, chemoinformatics, and
guantitative structure property relationships, is discussed in Chapter 3. An alternative method to
experimentation is to use molecular simulation to compudgerties using assumed irtand
intramolecular potential functions, or force fields, to estimate a statistical mechanical
relationship(O'Connellet al. 2009) Used correctly, these methods have the potential to be more
cost effective than real experiments. Plus, they can be used to miitemation on systems

with molecular architecture that would be otherwise impossible to measure in the laboratory. Of
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course, the concern is that the models require stringent application of parameters specific to the
system they are modeling, so mubht practical application within design has been limited. As
such they have been relegated to provide primarily qualitative insights on molecular architecture
behavior and their impact on physical and chemical propertidsdetailed discussion on

simulaion based property moliieg is available in Appendix A
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Figure 4.2: Property BdelDevelopmenScheme forChemicalProductDesign(O'Connellet
al. 2009)

After the appropriate property model class is chosen, the model is developed to give
accurate results efficiently, converging to eatr solutions given variable constraints on the
molecular architecture. Model robustness must also be developed and sensitivity mitigated in
order to avoid situations where parameter uniqueness cannot be estaGsimed2004;
O'Connellet al. 2009) When no, or only inadequate, models exisd C o nat al.l(2009)

proposes an efficient development procedure, shown in Fig. 4.2. The first step is to specify the
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problem type, system classification, information sources and measures for the expected outcome.
Next accuracy requirements are estiad including their tradeffs with user effort. Then, the
model is built, solved, and verified for internal consistency.

Based on the criteria needed for chemical product design (e.g. efficiency and moderate
accuracy for screening, etc.) the approprigysicalchemical property models should be based
on easyto-use molecular construction techniques. Group contribution (GC) and topological
indices (TI) are two such techniques. Both types of models utilize quantitative structure property
relationshipgQSPR) that have been previously developed using empirical relationships between
the molecular architecture and the physamical properties found in large databases (Gani

2004).

4.2.1. Group Contribution Methods

Group theory is one way in whichaemical system can be described by a subset of
chemical fragments. The fragments are typically a combination of atoms or functional groups
with well-described impacts on the overall behavior of the molecule. One of the first methods to
guantifythediret r el ati onship of the contributions o
properties was the universal functional activity coefficient (UNIFAC) method. It was built for
the prediction of activity coefficients directly from atomic and functionatigrstructural units
rather than from corrections on molecular solution interaction paranm@edenslundet al.
1975) For example, in the pure species activity coefficient expresgionas defined in the
universalquasichemical (UNIQUAC) method, both the relative molecular volumg éand the
relative molecular surface areg)(are described by the UNIFAC group contribution terRs,

andQyq1, respectively:
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Extensions of this approadto other relevant properties, collectively referred to as Group
Contribution Method GCM), has beenhe subject of research across many discipl{Besnson

1968; Ambrose 1978; Ambrose 1980; Joback and Reid 1987; Horvath 1992; Constantinou and
Gani 1994; Constantincet al. 1995;Marrero and Gani 2001)The culmination of this work has
resulted in the current statd-the-art expression for molecular group contribution shown in Eq.
4.15) (Marrero and Gani 2001) It should be noted that the gquerty contributions of the
individual groups are determined by the regression of large data sets. As such, the application of
the approach is limited to only similar systems. However, the advantage of this approach is that
a relatively few number of gups can be combined to form a large number of molecules within

the system of stud§Emithet al. 1996)

1% Order 2%Order 3“Order

e T et

PM - é- n91 P§|1 +Wsa ngz sz +\NTé- n93 P93 (415)
91 92 93
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In first orderGCM, a molecule is a collection eafnumber ofvarious simple groupsg; and their
respective property contributiofg: that, when combined, predict the properties of the complete
moleculePM. This simplistic relational structure means that the accuracy of the basic group
contribution methodss accepable only in the design of simple monofunctional molecules that
do not contain strong group interactions. To increase the accuracy of GCM, further levels of
molecular groups have been develop€dnstantinou and Gani 1994Beyond the basic level,
known as first order groupss, is the next higher level called second order gragyps They
essentially represent different types denactions among the first order groups and the effects of
certain molecular group combinationa the property of the final molecule. As such, second
order groups are built from first order groufshown in Chapter 8) to descri@operty
corrections forinteractionsPg, where appropriatens represents a property dependent constant
that aides in centering the second order property correcfidre combined first andsecond
order groups can provide a better description of compobhasigig many functionalgroups
andorisomers. However, evahe addition osecond order groups may not be abledoect for
poly-ring compounds and opatain polyfunctional compounds with more than four carbon
atoms in the main chaiMarrero and Gani 2001Yherefore, a further level of molecular groups
have been identified and their property contributions have been reg(®ssedro and Gani
2001) The formation of third order grous is analogous to the second order groups, but the
focus is orcorrecting the property estima®' with Pgs andwy for multi-ring compounds, fused
ring compoundsand compounds with many functional groups in the strucAsenith second
order groupsthird order groups also have first order groups as their building blodkse

combined expression shown in E4.15 can represent a significant number of molecular
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structures with a good degree of accuracy, making it a useful tool in CAMD algorithms, as
discussed in Section 4.4.

Similarly, GCM can also be extended to the prediction of the molecular backbone of
polymer systems. This application ®CM is intended to provide a method of estimatand/or
prediction of physicathemical properties of polymers, in the solid, liquid, and dissolved states
when experimental values are not availalf\éan Krevelen 1990; Bicerano 1996 he
contributions of the structural and functional groups in the polymer backbone will be different
than those fothe same groups in different environmental surroundings. Also, the physical
chemical properties of the polymer describedd§M are not only intrinsic to a substance, like
properties for small molecules, but are also somewhat described by the size, asithpe
morphologies of the nanomicro, and mesetructures of the system. To maintain the
efficiency benefits of5CM in this situationa fewfundamentaproperty descriptorare usedo
describe a set aferivedphysicalchemical properties based ortaddished modeling interactions
(Van Krevelen 1990; Bicerano 1996)For example, oe set of correlations uses molecular
weight of the repeat unit, length of the repeat unit, van der Waals volume of the repeat unit,
cohesive energy, and rotational degrees of freedom of the repegSeitzt 1993)to describe
other properties such as the glass transition temperdigrand melting point temperaturé,),
which, in turn, can be used to describe modes of crystallization and morpligkryKrevelen
1990) More detail can be found in Van Krevelen (09@nd Bicerano (1996).

In order to utilizeGCM to its fullest extent, one needs large databases of molecular
structure data and a large number of group parameters. In most cases, Marrero and Gani (2001)
provide group information for small molecule thewdhiynamic information and Van Krevelen

(1990) and Seitz (1993) have information for polymeric group information. However, situations
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will invariably arise that will require descriptions of groups, molecules, or systems beyond the
scope of these databasds.is increasingly common for these situations to be handled by new
cyberinfrastructure tools that link multiple databases. One new web based GUI,

www.chemeo.comhas been specifically created for the constructiagradip contributions from

the shared databases of the Computer Aided Process Engineering Center (CAPEC) at the
Technical University of Denmarkd'Anterrocheset al. 2005; d'Anterroches and Gani 2006;
d'Anterroches 2010) Options for building models for various safety and health, energy, phase
change, critical, and other base properties are included. This new integrated database approach
will likely see refinement in the coming years as new cyber infrastructure initiatives toeg

bear fruit.

In spite of its usefulnes$3CM has some inherent limitations; the most important of
which is the need for a substantial body of experimental data for a given property in order to
properly derive reliable group contribution valy8scerano 1996)An alternative tadGCM is to
use topolgi c al tools to describe a chemical s st
physical and/or chemical properties. For chemical systems, the topology of a system is simply
the pattern of interconnections between at@Biserano 1996) Informationregarding thg1)
total number of atom¢2) numler of each type of atomand (3) the bonding between the atoms
is utilized to describe the systam a graphical forncalled a molecular grap{Kier and Hall
1986) The objects in the graph are called vertices and the lines used to connect the objects are
called edges. Here, the vertices may be atoms, molecules, molecular groups etc. and the edges
may be bonds, intactions etc(Trinajstic 1992) For simplicity, molecular graphs are generally
represented as hydrogenppressed graphs where only the molecular skeletorfsouwit

hydrogen and their bonds are used. Due to the nature of the construction of topological indices,
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smaller experimental databases can be utilized with similar prediction accuracy to that of group

contribution. A detailed discussion on topological iedican be found in AppendixA

4.3. Computer Aided Mixture Design (CAMPD)

Computer aided mixture design is the application of a computer algorithm to the
mathematical formulation of chemical product design. In most cases, the algorithm is a linear
program(LP) or nonlinear program (NLP), whose soluti@medescribed in Appendix A The
inputs to the algorithm are chosen by the researcher. First the chemidaleotsused in the
design are defined and then a suitable property model is selectedty®génear or nonlinear)
determines the solution strategy the aldmnitwill use to solve the problem. A suitable mixture
range for each chemical constituent is usually specified by the researcher and used to constrain
the problem. Various combinatiortd chemical constituents are then generated and tested

against a consumer target property range.
P-¢P ¢P’ jlp (4.16)

The maximum and minimum of each chemical constituent is then returned as the solution

to the demgn problem.
)(i'-(]:)g ¢in |i u (417)

Obviously, as the number of chemical constituents increases, the solution to the design
problem becomes cumbersome. However, the efficiency of this approach can be significantly
erhanced by reversing the order of the design by setting property targets first, then substituting a
linear mixture model and rearranging to explicitly describe a set of upper limits on the mass

fractionsas a functiorof each pure component property.
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N 4.19

The minimum of the UL for eachchemical constituerdcross all propertigs p is taken as the
overall maximum of thathemical constituent in the system.

0¢x ¢x’ (4.19
It should be noted that nonlinear propentypdels placed in to Eq. 4.16 result in ianplicit
description of the component domain that must be solvexifand is discussed in more detail

in Chapter 7.

4.4. Computer Aided Molecular Design (CAMD)

Computer aided molecular design is the applicatbithe generatandtest procedure
outlined in Section 4.1 to the design of molecular chemical products using combinatorial
property models likeGCM. The forward based solution to the design problem begins by
specifying the number and types of groupeoutilized. Next, all potential combinations are
generated. The potential combinations are then screened for molecular stability using Eq. 4.9

adapted foGCM:

i Aar Q .
FBN = g n, FBN, - 2@@a ny - 13- 2Ny, (4.20
0,=1 Ca:=1 + '

where theFBN is the free molecular bond number of the foratioin, ny is the number of
occurrences of grougn, FBNy; is the unique free bond number associated with ggaLNRs IS

the number of rings in the formulatiomnd F is the total number of first order groups
Molecules having &BN of 0 are then screed using a set of property targets based on

consumer or customer preferences.
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P-¢P" ¢ P il p (4.16

Solutions that meet the constraints of Eq. 4.16 are deemed candidate solutions.
The efficiency of this approaatan be significantly enhanced by reversing the order of
the design by setting property targets first, then substituting a first @@& model and

rearranging to explicitly describe a set of upper and lower limits on the number of similar groups

for eachproperty.

arY o
n ¢inteel-Q (4.21)
101 éa:)jgl 9
2 iR (4.22
n-, 2 int Q .
o Zgﬂ:)gl 9
ng; ¢ ny, ¢ng (4.23

The minimum of the upper limit for each group across all properties is taken as the overall
maximum number of groups of that group type in any molecilee inverse does not hold,
since it is not a requirement that all dissimilar groups be included in the molecule. Hence, the
overall minimum number of groups of a specific group type will always be set to 0. For higher
order property description, therabination of Eqg. 4.15 and Eq. 4.16 results in an implicit model
that must be solved far,;,” and is discussed in more detail in Chapeand8. The procedure

then continues by building combinations and testing=8l. This type of approach is known as
reverse property prediction and is a partial component of the reverse problem formulation (RPF)

that is discussed in Chapter 5 and Chapter 6.
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4.5. Summary

Although the information presented in this chapter was not a complete description of
property modelsit nevertheless gives a good overview of what challenges exist. Property
models can be derived from experimental data, computed from fundamental chemistry concepts,
or as a mixture of the two. It is increasingly clear that both the methods and amppdicaiti
property models are continuing to change and, as such, researchers must adapt to their use. In
particular, alternative modeling methodologies capable of making use of these new property
models using knowledge based programming and decision scheitiebe paramount
(Venkatasubramaniaet al. 2006; Venkatasubramanian 2009 great opportunity exists within
the discipline to venture intdis domain, although, to do so, means overcoming the high barrier
of entry regarding the mastery of knowledge representation and search techniques, algorithm
engineering, databases, and certain misconceptions about what the intellectual challenges are

(Venkatasubramanian 2009)
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Chapter 5

Motivation and Challenges

In the preceding chapters, it has been showan tiie physicathemical properties and
attributes of chemical products are controlled by a multitude of separate and often competing
mechanisms operating over a wide range of length and time scales. Quantifying these behaviors
and incorporating them with the chemical product design problem has generally been
performed on a cadey-case basis using either experimental or simulation techniques. The
inefficiency of these methods has limited researchers to screening only a handful of products
prior to prodict and process development, posing great economic risk of designhogtioom
products. Finding a more efficient approach that is capable of screening large numbers of
chemical products prior to development is the focus of this dissertation. As t®agbgshe
Nati onal Research Council s Committee on I nt
(NRCCICME) this can be achieved through the integration of the process, product, and property
models utilized in design (Committee on Integrated ComputdthMaterials Engineering 2008).

Because of the immense data structure, number and types of models, and the attribute and
physicalc h e mi c a | properties utilized, such integr
Integrated Computational Materials Engineg 2008).

To achieve integration, computational models used in product design needed to be

closely couped with manufacturing and distribution techniques that exist at multiple scebes

process systems research commuhig approached this probldoy shifting focus from the
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design of thephysical form, function, and aesthetics of assembled products (e.g. mixtures of
molecular architecture) to the design of chemicadlynulatedproducts (e.g. a single molecular
architecture) (Hill 2004). Chemically formulated products are products designed at the
molecular level to deliver a specific desired attribute that may exist at multiples scales such as
the quantunscale, nanscale, messcale, macrscale, ad megascale. Examples of
formulated products include pharmaceutic®olvasonet al. 2009) bio-inspired devices
(McAllister and Floudas 2008%emiconductorgChalivendreaet al. 2009) processed food#ill

2004) personal hygiene productllill 2004), and many more product types. Curretdteof-

the-art product design, or formulationses a generaendt e st approach, where
i's experimentation, pr edi c taivaldation that thesresoits bfat i on
the generation meet the target criteria. With the recent improvements in computational power,
simulation is increasingly becoming a viable tool in the generation step because of its wide
application range. By using a smaumber of parameter estimates, simulation techniques
compute molecular architecture information at the smallest scale, passing it to progressively
larger length scales, under high accurasyshown in Fig. 5.1. Howeverach simulation can
potentially ake weeks to perform. For instance, when determining msate dependent
property values such as polymer permeation, Satyanarayaa2009) utilizeda unitedatom

MD simulation of polyisobutylene under relaxed configurations based on models asiélpp
Tsolou et al. (2008) that took six weeks to calculate using a parallel program on a super
computer. Since, 430 polyisobutylenewvas one of 12 possible polyolefins identifiedthg Van
Krevelen (1990group contribution method, it could conceivabdke the better part of a year to

find a suitable polymer for this portion of the chemical product design, which is far from ideal.
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Figure 5.1 The mputationalTools ugd in Chemical Product Design for theTransfer of
InformationBetweenMultiple Scales usindNestedSimulation

Alternatively, experimentation could be utilized, but the methods for makingeatidg
new polymers carbe justastime consuming asimulation in addition to containing large
amounts of uncertainty. For example, as dised inChapter3, it is possible to utilize
experimental characterization data to describe the molecular architecture at each scale after the
various molecular level architectures have been identified. This approach requires the researcher
to create thechemical product, providing instant validation of the designed structures and
manufacturing processes.Thus in order to cdpre the exact polyidmutylene structure
Satyanarayana identifiecin appropriately sized system wouiléed to be suspended the
correct solvent, molecularly characterized using nuclear magnetic resonance (NMR),
polymerized tathe appropriate size, and tested for the necessary microstructure using scanning
electron microscopy (SEM). If any of these steps cannot be performed)etdaresearchers to

prematurely dismisanoptimum chemical product.
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Finding a way to linkexperimental and simulation approaclks would offer some
significant advantagesn chemical product design. For instanite targeting of potential
breakthroughsising emanced algorithmsvould redu@ the numberexperimentabr simulation
design proceduragquiredfor validation(Fermeglia and Pricl 2009 urthermore, thability to
bridgedomains via models could potentially allow nested, nonlinear routines to be reduced to a
single sukproblem. Discoveringhe appropriate linkge isone of the keys to the methods

developedn this dissertation.

5.1. Current Limitations of Chemical Product Design

The traditional method of solving a chemical product design problem has been to
compute information at smaller length scales and pp&ssnodels at larger length scales. In this
approach the linkage of the scales would be critical as would be the choice of basis set from
which the model parameters are estimatéthile often the most accurate method for predicting
properties, simul&n has two limitations: (1) it has an immense computational cost due to
hierarchical nesting and (2) it utilizespriori knowledge of the molecular architecture (i.e. the
number and types of atoms or electrons present). The large computational awetytypi
prevents an accurate modeling of mesoscopic structure such as the morphology of polymers
without the use of constraints that significantly limit the degrees of freedom in the simulation
(Fermeglia and Pricl 2009) Furthermore, when this method is integrated within the preduct
process design frameworld.e. using a simlation model asgEq. 4.4) the computational
intensiveness exponentially increases yet again since each projected molecular architecture must
be simulated to determine péiysicatchemicalproperties. To minimize the computational cost
in these types ofrpblems, the property prediction simulations are typically approximated with

constitutive equations based on structure descriptor models such as property based group
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contributionmethod(GCM), quantitative structure property/activity relationships (QSPRIS
using topological indices (Tl), or chemometric based maalshown in Fig. 5.2As shown in
pathwayfbo in Fig. 5.2, the introduction of structure descriptor modgiscussed in Chapter 4,
improves computational efficiency by avoiding nested sinanaat the cost of prediction
acairacy. However, thesgescriptor models are still computationally expensive when utilized in

design algorithms because of their often highly nonlinear nature.
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Figure 5.2: The ComputationalTools used inChemical Product Design for theTransfer of
InformationBetweenMultiple Scales using(a) NestedSimulation and (b)StructureDescriptor
Models.
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The second major limitation of the current design methodologies is the inability to
accurately predict attribute respossas a function of molecular architecture. Consumer
attributes are a notoriously difficult set of properties to define, and, as such, rely heavily on
empirical correlative and causal relationship
consumer #ributes are what consumers and customers use to judge the success of a chemical
product, they serve as the ultimate validation stepthe NRCCICME(2008) published report
it was suggested thtte best approach to multiscale product design waslizeutomplimentary
experimental and theoretical based models since no model, as of yet, has shown the ability to
operate accurately across the diversity of length s¢@lesmittee on Integrated Computational
Materials Engineering 2008) Since Hill (2004, 2009) further states that thalgaf the PSE
community is to develop computational product design tools to guide and focus experimentation;
it follows that the relationship between the underlying fundamental physieatical properties,
molecular architecture, and consumer attributélé iwolve empirical relationships. Some
authors, such as Smith aretrapetritou(2009), formulated a chemical product design problem
using consumer attribute derived models as a function of consumer preference tests, as shown in
Fig. 5.3.

{ Product ]
Requirements

A 4

/1. Consumer \ / 2. Attributes Based Models \ /3_Pmblem Fonnulation\ / 4. Multi-objective \

Preference Identification Optimization
— Given: Design problem - . .
- x N i 4 = -
W=[w,.w,....w,] q ﬂ;( ) | Findx .’t."mlun.’_c F(x)=(f,(x), £,(x))
. Satisfy constraints subject to
Z“‘. =1 Minimize F h(x)=0
= f| =IULQ'[X]) g[()go
\ J PAR YA )

Figure 5.3: Schematic of Chemical Product Design using Consumer Preference (Smith and
leraperitou, 2009)
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In this approach, the consumer attribute models are derived as needed from the consumer
preference and chemical constituent databases. The attribute moddlseraratilized as
additional property models in the mathematical formulafien Eqg. 4.4) As with the database
approaches discussed in Chapter 3, the biggest limitation of this design methodology is the
inability to conduct true formulation desigonly products and mixtures of products already in

the database can be solutions to the design problem. An alternative formulation that circumvents
this limitation is presented in Chapter 8. It utiliz€&€M models and attributproperty
relationships to desigchemical products without the use of a molecular architecture database.
The capability of the formulation is extended in Chapter 9 to handle characterzasied

group contribution models GCM) that are capable of describing a larger variety of nubdec

architectures.

5.2. Reverse Problem Formulation

The focus of the dissertation is on the development of efficient design methods and
techniques for multiscale chemical product design based on consumer attributes. One of the
tools recently developed lgdenet al. (2003) is employed to assist in this endeavor: the reverse
problem formulation (RPF). The reverse problem formulation (RPF) is a procedure for
reconfiguring the generatndtest design strategyto a more computationally efficient scheme
(Gani and Pistikopoulos 2002, Edet al. 2003, Gani 2004). Usinghe duality of linear
programming, the RPF solves the design problem in the lower dimensional plehsnatal
property and/or consumer attribute domain first, and then generates onlyntpenamts that
have properties that match the solution. For example, in a conventional product design problem,
candidate molecules are first generated from a set of structural features in a molecular design and

then fed as inputs to a process design siiulaas shown in Fig. 5.4a
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In most cases, the majority of candidate solutions fail to meet the test criteria and are screened
out in either the property prediction or process simulation steps. Sfashighly inefficient
process since resources are wasted calculatingamget solutions.
As shown in Fig. 5.4b (i.e. a RPRargetphysicalchemicalpropertes or attributesan
be determined from the solution of the reverse simulation problem afahgas these targets
are matched, any number of property models may be used to generate the molecular architectures
at the various scales to ensure a solu{iedenet al. 2004) This design structure allows the
RPF to efficiently handle complex MINLP formulations that utilize #iaear property models

without requiring tedious solution strategies.

5.3. Challenges Addressed in this Dissertation

One of the goals of this dissertation is to demonstrate how the RPF can be used to bridge
the length domainshownin Fig. 51 by creating insightful shortcuts that allow masale
constraint information to be mapped downhe tppropriate molecular architecture scale. This
new source of information can then be used to reduce the number of potential candidates
evaluated by moving the testing or validation function from the macroscale down to the smaller
molecular architecturscale, prior to computation. A visual description of this method is shown
in Fig. 5.5. The traditional solution approach sends information peripherally through the length
scales in a nested simulation or experimentation appi@acipathwayiad); whereas the goal of
this work is to |Ilink the scales with a bridg
much more efficient solution that will significantly reduce the computational time of-sualle

design problem@.e. pathwayibo).
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The major limitation in achieving this goal is findirtgetappropriate property domain in
which to decouple the constitutive equations describing the molecular architecture from each
other. Many potential property domains exist. For instance, the computational chemistry
methods described in Appendix A4 wervdloped to model the potential energies of individual
molecules and interaction forces between molecules. In contrast, most engineering design
problems are based on chemical and material constituents that have pttysieldal properties
that can be rapsented as a continuum. Developing a universal link between the two methods
has been the focus of thermodynamics and statistical mechanics whose parameters may represent
another potential property domain. Furthermore, the materials that have the pajgesal for

transforming our society have properties dependent on nanostructure and microstructure in the
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mesoescale domain. The molecular architecture at this length scale is too large to be
computationally designed solely with molecular simulatiake mmolecular mechanicaviM),
molecular dynamicgMD), andmonte carlo MC), resulting in a trend toward estimations via
hybrid models and uncommon property domains. Some preliminary studies have shown that
sequential approaches using reverse problemuiations (RPF) on multiple property domains
offer computational advantages. For example, structure based property models like group
contribution methodGCM) (Marrero and Gani 2001)JGCM plus connectivity indices (GC+)
(Chemmangattuvalappgt al 2009; Chemmangaivalappilet al.2010) and signature descriptor
based Tl method€Chemmangattuvalappdt al. 2009; Chemmangattuvalapt al. 2010) have
expanded the nuneb and types of properties they casdrile, which allows them to replace a
number of simulation models. However, accuracy limitations will constrage thpproaches to

short range order applications (e.g. less thai@D atoms). To address longer range order, a
partial RPF has recently been combined with grid technology for polymer design by
Satyanarayanat al. (2009). Asdiscussed in the polyisobugyle examplethis approach uses
inverse GCM models to target monomer precursors with desirable properties followed by
simulation of the polymer structures to evaluate their rseste impacts. Although an
improvement in design at the mestale, the metlbis not simultaneous, and is therefore
computationally inefficient. As a result the method has been limited to simple polymer structure
investigations and is unable to address more complex aadamicrestructure arrangements. In
conclusion, finding auitable property domain to perform the design remainssjasafic and
subject to the researchers desire to balance efficiency vs. accuracy. Improving the objectivity of

this approach will be necessary to improve multiscale chemical product design.
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Another goal of this dissertation is to develop a way to utilize experimental data,
parameters, and models in a RPF. The reason behind choosing to work with experimental
models comes from the nature of the intendedusedof chemical product design algomith
Since the effectiveness of a chemical product is most often determined by its consumer
attributes, and since the consumer attributes are most likely quantified using data from consumer
preference tests, then it follows that any framework should at lea partially based on
experimental data. This observation does not preclude using the more common physical and
chemical properties found in process design in the framework, rather, it only means that
experimental data needs to be integrated into tegulén some fashion. Furthermore, while the
use of data places constraints on the application range of the tools developed for multiscale
product design, it does not affect the fundamentals of the methods developed and could be
applied to systems desceth by deterministic relationships (e.g. computational chemistry
methods) if desired.

In this dissertation, three methods for improving the solution strategy for solving
multiscale chemical product design problems are developed. All three methods uselthe ne
developed property clustering (PC) algoriti@helley and EHalwagi 2000; Edemt al. 2004)
Property Clustering (PC) is a mathematical technique that decomposes the problem as a
Euclidean vector consisting of unit property clusters that describatation of the property in
the domain space and a scalar called the augmented property AldEx that describes its
magnitude. A detailed discussion on the benefits of PC and its utilization in design algorithms is
provided in Chapter 6.

Attribute-computer aided mixture design (aCAMD) is the first of the three methods

developed to address the current limitations in multiscale chemical product design. It recognizes
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that through the use of transformation functions, experimental design techniquedasihi/dn
property/attribute models can be directly utilized in the PC algorithm to solve chemical product
design problems using a RPF. Approaching the design problem in this manner significantly
reduces the computational complexity of the problem hyguhie duality of linear programming
to solve the design problem in the lower dimensional property or attribute domain instead of the
high dimensional component space. The method works by first solving for a target attribute or
physicalchemical propertyegionand then generating solutions using predictive models based
on design of experiments (DOH)at have attributes that fall within that regiofurthermore,
for design of three properties, the design space and subsequent solution can be vsualized
single diagram, regardless of the number of chemical constituents in the, ddsigmn provides
insight into the nature of the problem. A detailed discussion of this method, including how it is
built to utilize data driven property models, regress@elaproperty clusters, and the reverse
problem formulation, as well as a case study on a spun yarn polymer blending is discussed in
Chapter 7.

Recognizing that aCARD is limited to only mixture designs, and that the effectiveness
of most chemical produgtis determined by its consumer attributes, which seldom have adequate
guantitative structurproperty (QSPR) or quantitative structaetivity relationships (QSAR), a
second new method was developed to map consumer attribute data into a more conventional
physical property domain where group contribution meth@d&€M) are used to find new
chemical structures. By mapping attribute information to a physkeaical property domain
with strong QSAR/QSPR description, multiple sources of scientific knowléadgemation, and
DOE data can be combined to design chemical products without the use of a databyaserior

knowledge of the molecular architecture. The method specifically uses property clustering (PC)
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in a reverse problem formulation (RPF) to resltite computational complexity of the problem

and provides insight into the nature thie relationshig between molecular architecture and
consumer attributes. The method is described in more detail in Chapter 8 where it is applied to
the design environnmeally benign refrigerants.

A third opportunity for improving multiscale chemical product design comes from the
recognition that the descriptive data used in chemical product design is length dependent; each
length scale has specific molecular archiiee$ that dominate the chemistry at that scale.
Quantification of these architectures using characterization techniques results in large, highly
correlated data sets that describe the products molecular architecture. Rather than solving the
molecular degn using this high dimensional data set, as is done using nested simulation and
experimentation, decomposition techniques can be applied to the correlated data set to find a
lower dimensional latent variable domain more conducive to chemical produch.deSle
relationship between the latent variable domain and the consumer attributes is then estimated
using chemometric techniques (e.g. MLR, PLS, etc.). To perform a chemical product design in
this domain requires the creation of a new characterizagsedogroup contribution method
(cGCM) that can take advantage of the additional molecular architecture information provided
by characterization. nformation from the molecular scale on short range order, such as group
structure, conformatim and stereogrilarity, iscombineal with information from the micrscale
on long range order, such as the sefegape, and aspect ratio of particles within a Soladrix
within a single latent variable domain, which drastically improves the computational efficiency
of multiscale chemical product design. As demonstrated in Chapter 9, the characterization based
computer aided molecular design (cCAMD) method is built specifically to utilize IR/NIR

spectroscopy data, PCA decomposition techniques, MLR attiliiaiet varidle relationships,
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latent variable property clusters, and the reverse problem formulation and results in a framework
that decouples multiscale design problems from their respective scales, solving them in a low
dimensional, computationally efficient mannef constrained pharmaceutical excipient design

for direct compressed acetaminophen tablets is used to illustrate the method.

In conclusion, it is shown in Chapter 7, Chapter 8, and Chapter 9 how a hybrid approach
that combines Class 2 models (e@CM, etc) with experimental data generation and
decomposition techniques (e.g. DOE, IR/NIR spectroscopy, PCR, and PLS, etc.) can
dramatically improve the computational efficiencyof multiscale chemical product design
problems. This is a central result of thaltiscale chemical product design framework presented
in this dissertation. Many opportunities exist for extending this work to include other
characterization tools and process design and configuration parameters to develop a truly unique

and powerful dsign methodology within the PSE community.
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Chapter 6

Methods for Multiscale Chemical Product Design

One of the most difficult tasks in mulicale chemical product design is to balance the
efficiency of experimental methods against the accuracyimfilation techniques in the
computeraided mixture and molecular designs. It was shown in Chapter 5 that the reverse
problem formulation (RPF) is particularly adept at achieving this goal by decomposing the
computational difficulty of the design problemto two subproblems, reverse simulation and
reverse property prediction, and matching their solutions to achieve results for the chemical
product design (Edeet al.2003). Another tool that aides in the solution of multiscale chemical
product design ptidems is property clustering (PC).raperty clustering converts thattribute
and physicachemicalproperties into conserved surrogatéribute orproperty clustergapable
of describing the design space under reduced dimensionality. Furthermoretypchpstering
provides excellent visualization of the decomposition and algorithmic solution processes and
provides insights into the effects of model parameters on the design. The PC methods for
solving mixture and molecular design problems form théslfas the three methods developed

in this dissertation.

6.1. Property Clustering Algorithms

Propertyclustering was developed asaml for trackingproperties in a conserved manner

by Shelley and EHalwagi (2000) It was later applied to processdgoroduct design by Edest
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al. (2003), Eljacket al.(2007), and Solvasoet al. (2008) As a design tool, the techniquses

the RPF to challengeonventional design bgolving the design problem in a property cluster

domain rather than the chemical sbtuent domain The conserved surrogat@opertyclusters

are generated from the attributes or physotemical properties important to the chemical

product. Theyare describé by property operators, which have linear mixing rules, even if the
operatos themselves are nonlinear. In equatian 6.1 the propertyy = P, is described by a

linear property operator expression:
yj(yi )M :ayj(yj )i & (6.1)
i=1

wherey;j(y;)i is the property operator of the pure component property resgpfechemical
consttuenti, x; is the mass (or mole) fraction of constitugrdandy;(y;)m is the property operator

of the mixture. In many cases the property operator is simply the linear expression of a common
physicatchemical property. For example, if the propertyperator describes density, thé

meet the linear criteria imposed by equati®g. 6.1 we would use specific volume as the

property operator, ignoring any interaction effects from mixing, as showq.®.2and6.3.

yi(yj )i :% (62)

15t 6.3

1
rv alfl;
A list of physicalchemical properties commonly used in chemical product design are given in
Table 6.1 (Marrero and Gani 2001). Each universal parametel{g.dwo, Tco, Pc1, Pc2, Veo,

Gro, Hro, Hvo, Hiusg @nd molecule specifigsarameters (e.Jim, To, Te, Pe, Ve, Gt, Ht, Hy, Hiug) was

derived from the ICAS property database (Marerro and Gani 2001).
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Table 6.1: Common Physie@lhemical Properties used in Chemical Product Design

Property (y) Property Operator (y ( )y

Normal Mdting Point (T, exp(T/Tmo)

Normal Boiling Point Tp) exp(Ty/Two)

Critical TemperatureTt) exp(Td/Teo)

Critical PressureR;) (Pei Pea)®®i Pey

Critical Volume {,) Vel Veo
Standard Gibbs Energy at 2986 Gt Gro
Standard Enthalpy of Forman at 298K Hy) H¢T Hyo
Standard Enthalpy of Vaporization at 298K Hy T Hyo

Standard Enthalpy of FusioHl{s) Hrus T Hiuso

It is often difficult to find adequée linear property operator expressionsnardelsfor the
attributes and physicahenical propertiesused in the chemical product design and the
experimentermust search for linearization functions like those proposed by Johnson and
Wichern (2007) and Solvas@t al. (2009) or use an approximation for whittetbenefits of the
PC+RPFmethal versus the loss of solution certaimyst be weighedSolvasonet al. 2008).

This result ofterleads the experimenter to limit the application of this method to high volume
screening design$ate 1 in Fig. 2.5).

After the property operator equations are defined, the methauviersal. As shown in

Eq. 6.4, the property operators are ndimensionalized by dividing by a reference property

operator(Edenet al.2003)
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yily)
W, = ‘(—)7' (6.9
J yi yj ref
This stepserves the purpose of scaling the property design space to faailib@ttergraphical
understanding of the problem or, d®wn later inChapter 7is used to ensure a solution when
the property opertor equations contain negatiparameter estimatesThe nondimensionalized
properties are then summed into the Augmented Property 1Ad#R) (Shelley and EHalwagi

2000)
AUP =3 W, (6.5

A cluster is therdefinedby dividing the nordimensionalized property by t#dJP, as show in
Eq.6.6.

C - Wi

6.6
] AUFI) ( )

By definition, property clusters must vary between 0 a8helley and EHalwagi 2000; Eden

et al. 2003) This means that the cluster domain is capalbldescribingall possibleproperty

values associated with a chemical product design, independent of molecular architecture. For
instance, the internal energy of an arbitrary system can be estimated from a path integral Monte
Carlo summation of molecul@nergies. Using PC, both the molecular energies of a unit cell and
the macroscale internal energy can be represented using the same cluster domain. Shown in Fig
6.1 is aternary diagram, or simplexf the cluster domainQ;, C,, andCs) of three propeies

(P1, P2, andP3) that have been identified as key to the design of a chemical product. Each vertex
represents a single property cluster having the value of 1 meaning that the domain constrained by

the boundaries of the cluster diagram is the em@rege of all current and future molecular
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architectures. As a result, the property cluster domain can be used to independently and
efficiently evaluate a productdés mol ecul ar a

explored in more detail in Chegy 9.
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Figure6.1: A Property Cluster Simplex Diagram withProperty Clusters at thé/ertices,Pure
ComponenEffects Represented dsidependenDiscreteStreamPoints and theProductTargets
Represented as@ink Region(Edenet al 2003)

Also shown in Fig. 6.1 are the pure component property clusters of two chemical
products, $and S, aswellas afeai bi | ity region, denoted as 0
clusters are calculated from three property valRgsP,, andP3, of each chemical product (e.g.
SandSg) using Eq. 6. 2, 6. 4, and 6. 5. The feasi
target specifications, defined by uppdyd)(and lower ) limits on the properties, and is

described by six uniquelusters that maximize itsize. If a chemical product falls outside the

feasibility region then it is not a valid solution to the chemmalduct design problem. The
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feasibility clusters are found by solving Eq. 6.5 and 6.6 using the following dimensionless

properties (Edest al.2003):

Pt 1:(W-, Vg, Wg%) ; Pt 2:(g-, g”, g%y ; Pt 3:(g-, Wg°, g ;
Pt 4:(1°, 8%, W4 ; Pt5: (MY, g, 18 ; Pt 6: (Y, g, g (6.7)

It should be noted that for each new property added to the design, two new feasibility cluster
points are addetb describe the feasibility region.

In some situations, the property clusters of the feasibility region or the chemical
constituents are negative or difficult to visualize. This is a result of the parameters used in the
linearized property models and oéten difficult to avoid. To handle this situation, a property
reference algorithm was written to find the set of reference property operators that give the

largest values of th&aUP while maintaining positive estimates for the pure component values:

Max a AUP (6.9
i=1

st. AUP>0 ilu (6.9
AUP <M, il u (6.10
vily,), .o ilp (6.11)

w, =2 W) 6.12

yj yj ref
P
AUR =3 W, (6.13)
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A more detailed analysis of the reference property algorithm is available in Chapter 7. The
procedure for converting a set of chemical product design equations and parameters for use in a

computer aided mixture design CABlwith property clusters isrpsented in Table 6.2.

Table 6.2. The CAND Property Clustering Conversion Algorithm

Step Description Equation
1 Linearize Property Prediction Models 6.1
5 Guess Property Operator Reference Values and Calculate PU 6.4

Component Property Operator Values '
3 Convert UL and LL Feasibility Constraints to Property Operato 6.7
Calculate the AUP of the Pure Component Property Operators al
4 " : 6.5, 6.7
Feasibility Constraint Property Operators

5 Calculate the Pure Component Clusters 6.6
6 Calculate te Feasibility Region Sink 6.6, 6.7
7 Run Reference Optimization Algorithm for N&tositive Clusters 6.86.12
8 Convert all Clusters to Cartesian Coordinates and Plot 6.236.26
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CAMPD Property Clustering Conversion Algorithm
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Initialize CAMPD Convert LL and UL Cluster

Cluster Conversion Constraintsto Values
Algorithm Property Operators Positive?

Linearize Property Run Reference
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for Chemical of all Property Algorithm
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Does the
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Calculate the Pure Attributes?.

Component
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Set Property
Reference Values

Convert Clusters to
Cartesian
Calculate Pure Calculate Target Coordinates & Plot
Component Property Cluster
Property Operators Sink

Output All
Cluster Values

Figure 6.2: The BpertyClusteringConversionAlgorithm for use inCompuer Aided Mixture
Design (CAMD).

Eljack et al. (2007) extended the property clustering method to also include models based
on group contribution method§&CM). For this situation, Eq. 6.1 is rewritten in terms of the

number of molecular groups and paegterized accordingly (Marrero and Gani 200fL)y; ), is

the contributionto the attribute or physicalhemicalpropertyj from groupg, nyis the number of
occurrencesf that group in the molecule, thehe molecular property operatqq"" can be

definedas the following:

yi'yw =ay 'y, o, (6.14)
g=1
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whereg is the type of group andis the total number of first order group typéhe normalized

property operator may be obtained by dividifgwith a reference value.

_Vi'y)

LR 6.1
oy iy (©19

The Augmented Property IndeXUPY, for each molecular fragment is defined as the summation

of all thej dimensionless property operators:
P
AUPY = § V\/’lVI (6.16
j=1

Finally, the molecular property cIust@pM is defined as

W
C)' = oo (6.17)

The first order groupspecific molecular property operatodescribed byMarerro and Gani
(2001) in Table 6.tan then be utilizeth a computer aided molecular design (CAMD). Table
6.3 and Fig. 6.3 describe the property cluagerconversion for systems described by group

based, attribute or physieahemical property models.

Table 6.3. The CAMD Property Clustering Conversion Algorithm

Step Description Equation
1 Linearize Group Based Property Prediction Models 6.14
Guess Ryperty Operator Reference Values and Calculate Grol
2 6.15

Property Operator Values
3 Convert UL and LL Feasibility Constraints to Property Operato 6.7
4 Calculate the AUP of the Group Property Operators and the 6.16

Feasibility Constraint Property Operators
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5 Calculate the Group Clusters 6.17

6 Calculate the Feasibility Region Sink 6.7,6.17
7 Run Reference Optimization Algorithm for N@&tositive Clusters 6.86.12
8 Convert all Clusters to Cartesian Coordinates and Plot 6.236.26

CAMD Property Clustering Conversion Algorithm

Are All
Initialize CAMD Convert LL and UL Cluster

Cluster Conversion Constraintsto Values
Algorithm Property Operators Positive?

Linearize Property Run Reference
Prediction Models Cindiaethe AUS Optimization

for Molecular of all Property Algorithm
Operators
Groups

Does the
System

have 3
Calculate the )

Molecular Group
Clusters

Set Property
Reference Values

Convert Clusters to
Cartesian

Calculate Molecular Calculate Target Coordinates & Plot

Group Property Property Cluster
Operators Sink

Output All
Cluster Values

Figure 6.3: Tk Property Clustering Conversion Algorithm for use inComputer Aided
MolecularDesign (CAMD).

It should be noted thahé molecular property operators defined in the above equations have
limited applicability as they are formed considering only the daumions of first order

molecular groups. The first order groups have limited accuraeyptedicting the properties of
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polyfunctional molecules with more than four carbon atoms in the main chain and cyclic
moleculegMarrero and Gani, 2001Also, firstorder groups cannot capture proximity effects or
differentiate between isomefisehiaian 1983; Wu and Sandler 1989; Wu and Sandiet)19 o

make this approach more robust, the molecular property operators have to be more accurate.
Fortunately, higher orders of molecular groups have been introduce@@ibby Constantinou

and Gani(1994) and by Marrero and Gar(R001) In their apprach, the higher orders of
molecular groups are formed with first order groups as their buildlogks and property
contributions are estimated for each groupClmapter 8 a method utilizing first andecond

ordergroup contribution withirthe clusteringramework is presented

6.2. Computer Aided Mixture Design (CAM"D) with Clusters

There are two primary methods for performing chemical product design using property
clustering with the reverse problem formulation: computer aided mixture design°@Anith
clusters and computer aided molecular design (CAMD) with clusters. The first method is useful
for finding mixtures of autonomous chemical products (e.g. molecules) while the second method
is capable of finding mixtures of molecular architectures wighsingle chemical product (e.qg.
molecular groups). Shelley aril-Hawagi (2000) have shown that aproperty cluster is
conserved through mixingvhich provides an opportunity to track the attribute or property
response when different molecules or molecalchitectures are mixed together. This itra
conserved nature of property clusters allows for the fractional calculation of any mixture in the
cluster design space.

Suppose a CARD is being conducted with a linear property operator expression,
descrbed by Eq. 6.1, and is used to relate propeRie$, andP; to the molecular architecture

of chemical products. Using property clustering (PC), Eq. 6.1 can be rewritten as Eq. 6.18:
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Cw=ad d[:ji (6.19

i=1

where the relative cluster araf is defined using the proof for intstream conservation of
clusters given by Edegt al. (2003) and Shelley and-Halwagi (2000). Te relative cluster arm

d is related to changes in the augmented property inde#®) during mixing, as shown in Eq.

6.19:
g =X PUR (6.19
AUR,
wherethe AUPy, is defined in Eq. &0:
AUP, =§ AUP &, (6.20

i=1

Eachcluster armg can be found visually from the relative lengths of the lever arms as shown in
Fig. 6.1. Alternatively, they can be calculatesing Cartesian coordinates, as shown by Eden
al. (2003). For the three property system described Wy2acomponent system in Fig. 6.1, the

cluster arms for the point,; are as follows:

a :\/(ch,z B XCC,M )2 + (ch,z B YCC,M )2
1

6.2
(ch,z ) xcc,l)2 + (ch,z ) ch,l)2 (6.29
(ch1 - Xeem )2 + (chl - Yeem )2
% | ’ | | 6.2
2 \/ (XCCY2 i XCC,l)2 + (ch,z i ch,1)2 (6.23

where the Cartesian coordinate&¢, Ycc) are estimated from either the clusters (i.e. Eq. 6.23

and 6.24) or from the dimensionless property operators (Eqg. 6.25 and Eq. 6.26).
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Xcei =Cy +0.5CC,, (6.23

Yeci =Cy (6.29
W, + 0.5V,
X =4 == a 6.2
CCii AUFI) ( 3
W,
Y.. = 2 6.2
CCii AUPI ( @

The solution to the design problem can be found by first testing each pure component
against the feasibility region and then each binary mixture, ternary mixture, and so on until all
combinations have been geatd. A successful solution must meet three crif@&denet al.

2003; Solvasoet al.2009)

Rule 1. Cluster value of the source (or mixture of sources) must be contained within the

feasibility region of the sink ithe clustedomain

Rule 2. The values of the Augmented Property Ind&kJP) for the source or mixture of

sourcesnust fall within theAUP range of the feasibility region

Rule 3. The AUP of the candidate must match t#dJP of the sinkat the candlate point

as calculated from the sink boundary points.

In addition to these three rules, the experimenter may wish to appplementatonstraints,
such as limiting theumber of pure components tested, the number components evaluated in the
mixtures or the types of mixtures consideredThese constraints assume an optimization role in
the desigrand are usedtfurther reduce the generated list of potential candidate mixtures.

The method for testing the pure components is straightforward. As Brigeapure

component cluster falls within the cluster range of the sink, as defined by Eq. 6.7, and the pure
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componenAUP falls within theAUP range of the sink, then ti#dJP of the pure component will
match theAUP of the sink and it will be deemed a pntial candidate solution for the chemical
product design. In Fig. 6.heither $ nor S, were found to meet the design criteria and are
excluded.

Any of the previously identified candidate clusters will naturally be able to form binary
mixtures with anyof the other pure component cluster to meet Rule 1. The fractions of each
binary mixture are determined by the location where Rules 2 and 3 are met within the feasibility
sink. Since the number of pure component candidates are relatively small congpaned
number of potential mixtures, most candidate mixtures will involve pure component clusters that
reside outside of the feasibility region. A candidate mixture will not exist if a line segment
connecting the pure component clusters does not intetisecteasibility region sink. For
example, the three property system in Fig. 6.1 clearly shows that a mixture betwasah $
cannot be excluded. Rules 2 and 3 can be used to validate the existence of the candidate mixture
by calculating the mass facti®rof each chemical constituent. Alternatively, the Cartesian
coordinates of the clusters of both the pure components and feasibility region sink can be used to
test whether a line segment between the pure component cluster intersects the feasihility regio

For example, a line segment betweemi® S can be written as follows:

A x+B y=K, (6.27)
AL = ch,z - YCC,l (6-28)
BL = XCC,l - ch,z (6-29

For eachCartesian coordinate representation of the feasibility cluster,gbatcostant K.) is

calculated and compared against a refereic€’) defined as:
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KLref = XCC,l C"y(.?(.‘,,Z - XCC,Z C"YCC,l (63()

ref ref

If feasibility clusters result iall K. < K™ or all K. > K™, then the segment does not cross the
feasibility region and no mixture is poskd. Otherwise, a mixture may be possible and Rules 2
and 3 will need to be validated. In the example in Fig. 6.1, a mixture betw@e8, 8.2) and S

(0.65, 0.5) was found to haé®"= 0.02 and the six feasibility cluster points (R6)were found

to haveK_ = 0.07, 0.05, 0.0;0.03,-0.01, and 0.04, respectively, so the mixture cannot be
excluded by Rule 1. To test Rule 2, the intersections of the line segment with the feasibility

region are estimated visually or calculated using linear algelZartesian coordinates as shown

in Eq. 6.31, followed by estimates or calculations of the cluster arm fractions by E§.2&221

ch,z - YCC,l _ YCC,M - YCC,l (6.3])

ch,z - XCC,l XCC,M - ch,l
The chemical constituent mass fractions of componeig fdund by rearranging Eq. 6.19 and
Eqg. 6.20 to get Eq. 6.32 with the balance beipg S

« = d, QAUP,
' d QAUP, - AUR) + AUR

(6.3

The AUP range of the mixture is found using Eq. 6.20 on each of the boundary intersections. If
the AUP meets Rules 2 and 3, then the mixture range between the intersestoeemmed a
candidate solution. In situations where only one or neither of the boundary intersections meet
Rules 2 and 3, a new mixture boundary point is estimated by settiddJtg of mixture to the

AUP: of the feasibility region at the intersectioniqis and back calculating the cluster arms and
mixture fractions of the chemical constituents. RuWPr is chosen from the set &{UP of the

cluster feasibility region points by determining which property cluster exhibits the largest change

across the mixire and holding the remaining clusters constant. Alternativel}p- can be
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determined by mixing the feasibility region points with the mixture design to determine the point
at which the mixture design satisfies the feasibility regiOnce determinedhe mass fraction is

calculated using Eq. 6.33.

AUR, - AUP,
= M W 6.3
N T AUR- AUP, (033

Negative cluster arms or mixture fractions indicate an infeasible solution and the mixture is not
selected as a candidate for the chemical product design.

For ternary or largr mixtures, it is appropriate to start with the previously identified
binary candidate solution clusters and add another component to the solution. Any pure
component will be able to form a ternary mixture with a binary candidate solution so long as the
binary candidate solution intersection with the feasibility region does not exactly lie on two of
the six feasibility points, in which case a ternary mixture may not be possible. The procedure for
solving for a ternary mixture is the same as for a bimaisture, with the binary cluster points
forming a new feasibility region boundary for the ternary cluster mixtures, showr as ‘Gdd

the mixture of components, S5, and 3in Fig. 6.4.
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C, C,

Figure 6.4: AClusterDiagram ofBinary andTernaryMixtures of ComponentStreams $ S,
Sz, and Q.

To find the mixture range ofiSS;, and 3 that satisfies Rule 1, the intertiea of a line between

S; and a point alongY"Y with the feasibility region boundany 6 6 ‘QLfirst determined. In

this case, the mixture ranges for points A and E have already been established. Point B can be
calculated by mixing A wit &, determining where the feasibility lirie dintersects withd Y

Points C and D require an estimate of a point alofiy first, and then a calculation of a binary

mixture between it and the boundary region. For example, toastithe ternary mixture at
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Point D, the binary mixture point;Sis first calculated from the intersection of a line between
YO and"Y', followed by a second binary mixture calculation betwegra®d 3 that intersects

at Point D (or lhe 6 'Q. Once the mixture point is found tW&JP is calculated in the same
manner as before and tested against Rules 2 and 3.

It should also be noted that although binary mixtures,6fg, S - Sy, and $ - S, were
excluded as candidate solutionsthe example, a ternary mixture of, S5, and S would
completely encompass the feasibility region and would meet the Rule 1, making it a potential
candidate solution. To determine if the ternary mixture encompasses the feasibility region, the
maximum ad minimum cluster values of the points (e.g. Eq. 6.7) that make up the feasibility
boundary are calculated from Eq. 6.34 and 6.35.

C/ =max (C;) (6.39

J

C: =min;(C;) (6.39
In a similar fashion, a mixture cluster range is determimeth fthe maximum and minimum
cluster values of the pure components in the ternary mixture. If the maximum cluster of the
ternary mixture is not larger than the maximum cluster of the feasibility region or the minimum
cluster of the mixture is not smalldran the minimum cluster of the feasibility region, then the
mixture does not overlap the feasibility region and is discarded. If the mixture does overlap the
feasibility region, then the solution to this type of problem is identical to that of the first
condition, only that the entirety of feasibility region boundary points will need to be calculated
using the ternary mixture procedure. As more chemical constituents are used in the design of the
chemical product .eu® 3) c ompl et €Y Yovezlappirg the feasibility kegion in
Fig. 6.4, become more common. Although not shown here, chemical product designs with more

than 3attributes or properties can also be solved using property clustering. This situation
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requires the usef @n algebraic approadteveloped by Qiet al. (2004) and Eljaclet al. (2007),
but is beyond the scope of this dissertation.

In conclusion, Table 6.4. and Fig. @3B present a summary of the computer aided
mixture design (CAND) method using propertclustering. To begin using the algorithm, the
researcher must set the maximum numigEt of dissimilar chemical speciesutilized in a
mixture. This constraint helps to determine if the mixtures will be pure components, binary,
ternary, quarternary, etc. A similar constraint is used in the computer aided molecular design
(CAMD) and isdiscussed in more detail in Section 6.3. Next, pure component solutions are
found by testing the cluster outputs of the CEMconversion algorithm against Rule81 Any
pure component candidates are saved into a candidate solution database. Ngxpikinegs
with at least one pure component candidate are calculated and tested againstRuwidth 1
candidates being uploaded into the candidate solution database. This step is followed by
calculating and testing binary mixtures with no pure compocemdidates against Rules3land
outputting the binary mixtures to the candidate solution database. The procedure is repeated for
ternary and larger mixtures, beginning with mixtures that contain binary mixture candidates, then

those without, and outpirig all candidate mixture into the database.

Table 6.4. The CARD Candidate Generation Algorithm using Clusters

Step Description Equation

1 Set/"™*Maximum Dissimilar Species in Mixture -

Discard Pure Component Clusters (from CEMConversion

2 Algorithm) that Fail Rule 1 6.6,6.7
Discard Pure Component Clusters that Fail Rule 2, Output Pu
3 . . 6.5, 6.7
Component Candidate Solutions
4 For Binay Mixtures with Pure Component Candidates, Calculate] 6.31, 6.23,

Clusters at the Intersections of the Sink and the Mixtures 6.24
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5 Calculate the Binary Cluster Arms 6.21, 6.22
6 Calculate the Fractions of Each Pure Component 6.32
- Calculate the AURT Mixtures, Output Mixtures that Meet Rules | 6.20
and 3 to Candidate Library '
For Mixtures that Fail Rule 2 or 3, set the AlJ& the UL or LL of
8 the Sink and Recalculate the Component Fractions, Discard Bir 6.20
Mixtures with Component Fractions < 0»®
9 Recalculate Cluster Arms of Candidate Mixture 6.21, 6.22
10 Recalculate Candidate Cluster and Output Binary Candidate Mix 6.18
11 For Binary Mixtures with no Pure Component Candidates, Calcy 6.23, 6.24,
the Reference Constant for each Mixture 6.30
12 Calculate the Sink Constants for each Mixture, Discard Mixturg 6.23 6.24,
where all Sink Constants are > or < Reference Constant 6.27-6.29
13 Calculate the Clusters at the Intersections of the Sink and the Mi| 6.31, 6.23,
and Repeat StepsD 6.24
14 For mk3 Ternary+ Mixtures withm - 1 Candidates, Calculate the, 6.31, 6.23,
m- 1 Equivalent Clusters 6.24
Calculate the Clusters at the Intersections of the Sink arnebi3e 6.31 6.23
15 Mixture and Repeat Steps®% Output/zk3 Mixtures that Meet ' 6’2 4' '
Rules 2 and 3 '
For Mixtures that Fail Rule 2 or 3, set the AlJ& the UL or LL of
16 the Sink and Recalculate the Component Fractions, Discard Mix 6.20
with Component Fractions less than O or greater than 1
17 Recalwlate Cluster Arms of Candidate Mixture 6.21, 6.22
Recalculate Candidate Cluster and Outpe3 Candidate Mixtures
18 . 6.18
to Library
19 For mk3 Ternary+ Mixtures with nan- 1 Candidates, Calculate th 6.34, 6.35,
Cluster Range of the Pure Components 6.6
20 Calculate the Cluster Range of the Feasibility Sink, Discard Mixt| 6.34, 6.35,
whose Pure Congment Cluster Range is > Sink Cluster Range 6.6, 6.7
21 Repeat Steps 120 until 7/7%is reached -

129




CAMD Candidate
Generation Algorithm

Initialize CAMD
Candidate Gen.
Algorithm

Select Maximum
Mixture Typerniax

Set Mixture Type
(m= 1 default)

Choose
Test Set

ne=2
m=1
CAMD j
Pure Comp. Test
nm=1 J

Set Mixture Type
m=m+1

CAMD w
Binary Test
m=2 J

Set Mixture Type
m=mt1

CAMD W
Ternary+ Test
mK3 J

Set Mixture Type
m=nm+1

Discard Non

Candidate Mixture

Output Candidate

Mixtures

- | >
> End Algorithm
\\ g

Fig. 6.5 Computer Aided Mixture Design (CABI) CandidateGenerationAlgorithm usingPropertyClustering.
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Each of the tests shown in Fig.56can be defined separately. Fig. 6.6 describes the
CAMPD cluster test on pure components. Fig. 6.7 describes the’DAMster test on binary
mixtures, starting with any pure component candidates identified in Fig. 6.6. Fig. 6.8 describes
the CAMPD dluster test on ternary and larger mixtures, starting with/ahyandidate mixtures

identified.

Set Maximum CAMED
Components u Pure Comp. Test
L=1
Select Component

(i=1 defanlt)

Mixture
meets
Rule 1?

Discard Non
Candidate Mixtures

Output Candidate Next Component
Mixtures i=i+1

Isi>u?

( End Algorithm )

.\\ . 1/

Figure 6.6: CAMD with Clusters test on Pure Components
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(i,w= 1,2 default)
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Comp.
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Mixture Clusters
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Calculate AUP,,
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YES

CAMPD
Binary Test
L=2

Calculate Mixture
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Calculate Sink
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All
K. >K/ < or
K. <K, <?

Recalculate Mixture
Cluster with UL & LL

Recalculate Cluster
Arms / Mixture
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Mass
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>1 or <0?

NO

Output Candidate
Mixture

Discard Non
Candidate Mixture

Next Component
i=i+1

Isi>u?

Reset i=1
w=w+1

Isw>u?

Figure 6.7: CAMD with Clusters test on Binary Mixtures
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y. Set Maximum CAMPD
/ Components « Ternary+ Test '
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Sel. Ternary+ Mix.

(Ewy,..u =
1,2,3,... u default)

) Discard Non
. Calculate Mixture Candidate Mixture
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in Mix.? Cluster Bounds
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Arms / Mixture
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Arms / Mixture Reset iw = 1,1

Calculate AUP,, Fractions y=y+1

Mass Isy>u?
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>1 or <0?

Repeat ! vygs

=2 |
\times E

Output Candidate
Mixture ( End Algorithm ) /
///
—

T

Figure 6.8: CAMD with Clusters test on Ternary anerger Mixtures

6.3. Computer Aided Molecular Design (CAMD) with Clusters

The second method for performing chemical product design using property clustering is

computer aided molecular design (CAMD) with clusters. While CBNs useful for finding
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mixtures of autonomous chemical products (e.g. molsguleat meet product specifications,
CAMD is capable of finding mixtures of molecular architectures (e.g. molecular groups) that
make single chemical products (e.g. molecules) that meet product specifications. et Btlen
(2003) and Eljacket al. (2007) have shown that first order groups can be easily expressed
linearly in Eq. 6.14, making them ideal candidates for use in CAMD with clusters.

In order to perform CAMD with clusterghe property clusters must be conserved during
mixing. Eljacket al.(2007) has shown that first order molecular property clusters possess both
intracstream and intestream conservation which allows for the tracking of attribute or property
responses during molecule generation. The group contribution parameters areddégreste
CAPEC database (Marrero and Gani, 2001) on a group basis and represented as clusters

according to Eq. 6.16.17. The intrestream molecular conservation results in Eq. 6.36.

p
p aVV’JVI M
Eowoo AU
: AUPY"  AUPM

i

(6.36)

Inte-molecular conservation requirdsat the individual grouplustersCM,- be conservediuring
mixing. The property operator expression of Eq. 6.14 can bedimasionalized by Eq. 6.15

resulting in Eq. 6.37.

Ng
Wi =an, W, (6.37)

01
Rewriting the molecular property operator expressioterms of clusters is done by inserting

Eq. 6.37 into Eq. 6.16 and rearranging to get Eq.-6.386.

F F

. .. . M M

a n91 (y\/'j\gh a ngl @jgl Upgl

cY =2 =2 6.3
g AUPiNI AUPRY (639
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L
_n, CAUP;

)] AU PM (6£)

F
c) =4 4, & (640

9 =1

The group based property model shown in Eq. 6.40 isrmesized adirst order groupdy
Eljack et. al.(2007) and demonstrates howolecular groups or fragmentan be added together
analogous to intestream conservation.Higher order group contribution caincrease the
accurcy of the predicted propertiaad will be discussed in more detail in Chapter 8.

The ternary diagram used for mixture design asisualization toolfor sourcesink
mappingcan again be used to highlight teleculardesign methodin the cluster formulation
for CAMD, mixing of two sources is a straight line, i.e. the mixing operation can be optimized
usingleverar m anal ysi s. Anal ogousl vy, combining or
molecular cluster domain follows a straight lem shown by a mixture of G1 and G2 in E@.
This result can be used to design molecules that meet Rule 1 (e@2-G3 and Gi1G2-G3-
G4), such that the length of each cluster @roan be calculated from Eq. 6.38 and the number
of that group,nyg, can be found. However, before Rules 2 anchB be used to narrow the
candidate set of molecules in the design, an additional rule unique to molecular design needs to
be included. In particular, it is important to ensure that the designed molecule is electronically
complete, meaning that its Freend Number EBN) shown in Eq. 4.9 must be 0. In terms of

first order molecular groups, the expression becomes Eq. 6.41.

o

- ak Q _ .
FBN = g n, FBN, - 2@@a ny - 13- 2Ny (6.41)
0,=1 Ca:=1 + '
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where theFBN is the free molecular bond number of the formulatiag,is the number of
occurrencesfogroupg;, FBNy; is the unique free bond number associated with ggpLNRs IS
the number of rings in the formulatioandF is the total number of first order groug=orcing

EqQ. 6.40 to be 0O is stated as Rule 4.

Rule 4. TheFree Bond NumbeHBN) of the candilate molecule must be zero.

It should be noted that thedation of the final formulation is independent of the order of group

addition, making it ideal for use in computational algorithms.

G2

L .
Y . Feasibilty

» v Fedion

oA

o2

=4

Figure6.9 GroupAddition ona TernaryClusterDiagramusingFour DissimilarMolecular
Groups toBuild aMolecule (Eljacket al.2007)

As shown in Fig. 6.10, the method proceeds in a similar manner to that ofIZ At

with groups instead of components as the combinatorial building blocks. The maximum number

136



of dissimilar groupsng™is first set and then progressively larger combinations of dissimilar
groups are added until the maximum i s reache
mixtures (e.g/g = 1), the pure group property contributions are estimated from Eq. 6.88dor
01 group type. These clusters are then tested against the points making up the feasibility bounds
of a target feasibility region (FR) defined using the clustered versions of the points in Eq. 6.7.
Al | Apure groupo pr o pteat mept Raold lussettreem passédeon tg test E q .
against Rule 2. For group based design, Rule 2 can be created by setting Eqg. 6.39 equal to 1 for
a Apure groupo and resulting in Eq. 6.42

AUP* ¢ n, AUP, ¢ AUP’ (6.42)
Hence, unlike mixture designs using puoenponents, it is possible adjust the number of groups
in the molecular structure in order to meet the constraint of Eq. 6.42. This result can be used to

calculate the maximum and minimum number of groups of each type that can be utilized in a

=1 desig.
& )
o ¢ it UP g (6.43
0 EAUP, O
C 91 —
. aAuUP- @
ng, 2 mt@UP 8 (6.44)
C 9 =
ng ¢ n, ¢ng (6.45)

By default, any pure group mixtures that meet Rule 2, will also meet Rule 3. Any mixtures that
fail Rule 2 are discarded. Finally the number of grompsare indexed fromm,,- to ny;” and
tested against Rule 4 using Eq. 6.41. Any solution that fails Rule 4 is summarily discarded.

Molecules that meet Rule 4 are outputted as candidate solutions.
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As shown in Fig. 6.12 for binary mixtures of dissimilar tye groups (i.evy | @) in
non ring compounds (i.eg = 2, Nrg = 0, the CAMD procedure follows a similar path as that for
CAMPD, beginning first by testing mixtures of dissimilar groups that contain one pure group
candidate solution (e.g. a mixture dfL. and G4). Since the number of groups is discrete, it is
generally easier to procede in a forward manner by assuming Rule 1 is met and varying the
combinations of the number of groups, testing each mixture sequentially against-Ru&e 2,
and then glidating that Rule 1 is indeed satisfied. The procedure starts by building candidate
molecules by indexing the number of grougsfrom a minimum of 1 to a maximum defined by
Eq. 6.43 for each group.gThen, the number of the dissimilar groop is indexed and the first
step is repeated. The procedure continues until the number of a dissimilar group reaches a

maximum as defined by Eq. 6.46.

Qo

C

R
O:00O

n) ¢ int (6.49

%

UR,

The identified combinations are then tested against rule Rule 2 using Eq.By4#=finition,
any molecules that meBwle 2 will automatically meet Rule 3, so they are immediately passed
forward to be tested for molecular completeness using Rule 4. Combinations that fail Rule 2/3
or Rule 4 are discarded while combinations thasfsaRule 4 are passed to the final validation
step. The validation of Rule 1 is performed by testing the clusters of the mixture solutions
against the FR clusters. Mixture combinations that fall inside the FR are outputted as candidate
solutions while lhose that fall outside the FR are discarded.

Since the number of pure group candidates are relatively small compared to the number
of potential molecules, most candidate mixtures will involve pure group clusters that reside

outside of the feasibility régn. As with the CAMD with clusters algorithm, a candidate
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mixture will not exist if a line segment connecting the pure clusters does not intersect the
feasibility region sink (FR). Using the Cartesian coordinates of the clusters of the pure groups
and kasibility region, the presence of a line segment between pure groups that intersects the FR
can be tested using Eq. 6-880. If the intersection is not confirmed, like between pure groups
G1 and G2, then all molecular combinations of only those dissigrioups are discarded. If an
intersection is confirmed, like theroretically between pure groups G1 and Gi§. 6.9, the

binary candidate generation steps are repeated using Eq. 6.47.

F
L L)
AUP" ¢ § n, AUR, ¢ AUP (647

g;=1
The implicit structure of this expssion prevents universally setting constrained upper and lower
limits on the number of groups formed beyond the limits proposed in Eq. 6.45. As a result the
number of groups in the potential candidate mixtures that meet rule 1 are set using Eq. 6.48:

1¢n, ¢ng (6.48)

Each of the candidate solutions is then tested against Rule 2 and Rule 3 using Eq. 6.47. As with
the pure group solutions, binary solutions that meet Rule 2 and 3 are then passed forward to the
structure validation step, followdsy a validation step using Rule 1. Binary candidate and non
candidate mixtures are outputted accordingly. Any repeated solutions are also discarded (e.g. a
binary mixture of G1G2 can also be represented as@D).

For ternary and sequentially largemabinations of dissimilar groups (e.g. ternary+), it is
appropriate to start with the previously identifiegl - 1 candidate solution clusters and add
another pure group to the solution. All ternary+ combinations of the sgtwfthin the bounds
of Eq.6.48 are tested against Eq. 6.47. Ternary solutions that meet Rule 2 and 3 are then tested

for structural completeness using Rule 4 and vailidated using Rule 1.
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Ternary+ solutions that do not contain amg/- 1 candidate solutions can potentially
encompss the feasibility region. The maximum and minimum cluster values of these pure
component solutions are tested against the maximum and minimum cluster values of the FR,
shown in Eg. 6.34 and 6.35. If the solution does overlap the feasibility region,thhe
procedure to solve this type of problem is identical to that of the binary procedure. Solutions that
fail to overlap the feasibility region are discarded ascamdidate solutions.

The procedure is repeated until a maximum number of dissimilapgm™is reached.

A summary of the method is provided in Table 6.5 and Fig-6.19.

Table 6.5: The CAMD Candidate Generation Algorithm using Clusters

Step Description Equation
1 Set Maximum Dissimilar Groups in the Mixture -
Discard Pure Grou@lusters (from CAMD Conversion Algorithm)
2 : 6.17, 6.7
that Fail Rule 1
3 Calculate No. Pure Groups 6.45
4 Calculate Pure Group Solutions, Discard Pure Group Solutions| 6.7, 6.16,
Fail Rule 2 and Rule 3 6.42
Discard Pure Group Clusters that Fail &4| Output Pure Group
5 ; 6.41
Candidate Molecules
6 For Binary Solutions with Eure Group Candidates, Calculate the 6.46, 6.48
Binary Groups
7 Calculate Solution AUR", Discard Solutions that Fail Rule 2 6.39, 6.47
8 Calculate the FBN, Discard Solut®that Fail Rule 4 6.41
9 Calculate Solution Clusters, Discard Solutions that Fail Rule 1, 6.7 6.17
Output Candidate Solution Clusters T
For Binary Solutions with no Pure Group Candidates, Calculate
10 . 6.20
Reference Constant for each Mixture
Calculate the Sink Constants for each Mixture, Discard Mixturg 6.036.24
11 where all Sink Constants are > or < Reference Constant, Repeat . oo
6.9 6.27-6.29
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For Ternary and Larger Solutio(gg» ) @ontainingmg- 1

12 Candidates, Calculate the No. Groups, Repeat Stéps 7 6.46, 6.48
13 For mk3 Ternary+ Mixtures with nan- 1 Candidates, Calculate th 6.34, 6.35,
Cluster Range of the Pure Components 6.6

Calculate the Cluster Range of theasibility Sink, Discard Mixture 6.34. 6.35

14 whose Pure Component Cluster Range is > Sink Cluster Ran¢ ~~ &' 2’5’

6.6, 6.7
Repeat Step 12
15 Repeat Step 124 until ig"*is reached -
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Figure 6.10: A Fowchart of the CAMD Candidate Generation Algorithm gs@lusters
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Figure 6.11: Generation of Pure Group Candidate Molecules
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6.4. Summary

In conclusion, the complexity of checail product design problems can be reduced by
using the reverse problem formulation and thepprty clusteringalgorithm in a number of
ways. First, by solving the design problems in the lower dimensional property domain, an
unlimited number of molecularchitecture solutions can be evaluated at minimal computational
cost. Second, thenultitude of property response plots normally associated watthemical
productdesigncan be reduced tp - 2 simplex diagrams to aide visualization of the design
problem. Property clustering also consolidates the numerous effects of components or groups on
the response into distinguishable values which may be used to surmise which of the components
or groups has the largest effect and is thus most impor@with of theseproperty clustering
attibutes can be used to guide chemical product designs toward feasible solutions more quickly
than conventional techniques.

Since theobjective of the research presented in thésertations to successfully link the
multiple lergth scalesri a reverse problem formulation, use of the CBMand CAMD cluster
algorithms to consolidate the large amount of information and improve computational efficiency
will be essential. In Chapter 5, it was noted that such a design problem \&iilaioly utilize
data due to the lack of explicit models that describe consumer preference behavior. Based on
this observation, Chapter 7 explomsppng experimentally derived modelnd data into the
property clustering structure and how property chistecan be used to improve the design
capability of such systemsesulting in a new method called attribute based computer aided
mixture design (aCAND). Although the technique developed significantly improves efficiency,
it is subject to choosing onlyne best candidate mixtures from a predetermined training set and

incapable of looking at new molecular structuren Chapter 8, another newethod is
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developed to address this shortcoming by mapping the experimental data into a domain that is
describedby known combinatorial property prediction methods, opening the door to true
computational molecular desigrthis new method is known as attribute based computer aided
molecular design (aCAMD). When good mapping functions cannot be derived or the
computdional methods are too restrictiv€hapter 9presents a work around that maps the
experimental data into a swlomain capable of handling both experimental design, computer
aided molecular design, and structure design technipasgh the use of characization data.

The additional benefit of this technique is that all lersgthlesmportant to the chemical product

can bebe mapped down to the sdlbmain, representing the ultimate in combinatorial efficiency
and is the primary result of this dissemati This technique is noted as characterization based

computer aided molecular design (cCAMD).
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Chapter 7

Attribute-Computer Aided Mixture Design (aCAD)

The terms product synthesis and design designate problems involving identification and
selection of compounds or mixtures that are capable of performing certain tasks or possess
certain physical propertiesSince the properties of the componentmixture of components
dictate whether or not the design is useful, the basis for solution approadhesarea should
be based on the properties themselves. However, the performance requirements for the desired
componer(s) are usually dictated by the process and thus the identification of the desired
component properties should be driven by the dégirecess performancéVhereasnumerous
contributions have been made in the areas of molecular synthesisrapdteraided molecular
design (CAMD) by Harperet al. (1999), Harper and Gani (200larcoulaki and Kokossis
(1998), and Eljack et al (2007)among otherslittle focus has been on utilizing experimental
design techniques whaitribute or physicathemical propertyrediction tools are insufficient
This chapter highlights a data driven Computer Aidexitiie Design CAMPD) method, known
as attribute CAND or aCAMD, that is capable of handling experimental data and regression
models within the property clustering framework. In Section 7.1, the constraints on the use of
attribute and property data within theoperty clustering framework is discussed and the two
most common regression models, canonical and polynomial, are investigated as prediction tools.
In Section 7.2 the attribute clustering technique is reviewed and new rules are added to handle

negative rgressors. Section 7.3 describes the aCBNhethod using property clusters and
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Section 7.4 highlights the method in a case study on the polymer blend of spun yarn. Section 7.5

concludes the chapter with a summary.

7.1. Integrating Attribute Data and Models with Property Clustering

Early in experimental mixture desigBcheffe (1958, 1963ndCox (1971)developed
techniques to obtain proggrmodels while minimizing experimental runs or design points
utilizing simplex diagrams of the chemical constituent design space. HowewbBng the
solution in the chemich constituent design space is prote combinatorial explosion.
Visualizing and solving the problem in the property space avoids this problem while also
offering insights into the effectiveness of the desigmhus, he overall objective othis
contribution is to integrate the property clustering framework with existing mixture wesig
techniquesused to develop data driven property modelBhe two most commoproperty
mixture designs, Scheffe canonical models and Cox polynomial matelsyaluated. The
results of the exercise will be used to develop additional techniquesilfaationof PCR and
PLS modelsunder combinatorial explosion.

As discussed in Chapter 3, the most common approach to efficiently develop data driven
models is to us®esign of Experiments (DOE)In DOE, amodel isfirst postulated to represent
a potentia property response surfaceNext, experimental design points are placed in areas
where observations can be collected to which the model can be fitted. In the final step, the
adequacy of the model is tested. The procedure may require much iteratiotheuritted
equation is determined by the experimenter to be suffi¢@oitnell 2002) The most effective
choice of model and location of design points is the focus of the experimenter. The best set of
points is chosen under the following constraints: (1) the size and shape of the experimental

region, (2)the number of desired experimental runs, and (3) the type of model used for
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constructing the map of the resporiEettaneRWold 1991; KettanefWold 1992) Most often,

the polynomial model is selected to represent the response surface since it can be expanded
through a &ylor series tamprove accuracy(Cornell 2002) A first or second degremodelis

usually chosen to represent the surface sihcequires fewer observations. Third degree or

higher ordered models are seldom utilized. The point estimate forms of the models are listed in

Eq. 3.3and3.4
y:bo+é.bixi (33)
i=1
y=b+tabx+aa b.xx, (3.9

i=1 iCwwe
In chemical product desigi@, colinearity effects usually imposed on the model bg.E

3.11, which means th#éihe constituent fractions must sum to one and each constituent fraction

must lie between zero and oné/hile this technique des not affect the utilization of the mogdel

it doesimpact the interpretation of the regression coefficieftthe property modelsin data

driven approaches, this colinearity affect appear§dheffe simplexlattice designs that as

canonical models (Eg. 3.14 and 3.15).

y=@a b x (3.149
i=1

y=a o' x +aa b.xx, (3.19
i=1 i<w w>i

For these types of designsetlocation of the response of a mixture made up of exactly zero
constituents must be identically zero meaning that theicmeft b, is zero. Conversely, mixture
designs using polynomial models are known as Cox designs Whisra nonzero factor used to

center the design over the search space. Although the two model types use different parameters,
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they predict identicalesponses (Cornell 2002)he reason for this result is that the regression
coefficients represent different entities in each model. In the Scheffe ntbeefegressed
parametersrepresentcombined effects comprised of ¢ahutions from pure components
colinear interaction effects, and nonlinear interaction effe€tee Cox models remove some of

the colinearities in mixture design, but depend on good experimental design controls to limit the
effect of other cohearities, resulting in parameters thapresent only pure component linear

and nonlinear effects. The parameters of the two model types are related according to Eq. 3.17

and 3.18.
b =b,+b +b, (3.17)
by, = by, - b; - b,, (3.19

The estimates of the regressors can be found usasy $quares regressionto better
interpret the impact of regressors on the predicted attribute or phgkemical property
response of the design, it is beneficial to view the design within the property clustering
framework.

As discussedn Chapter 6 property clusterings a transformation technique that helps
facilitate a reverse problenformulation of a chemical product designUtilizing property
clustering in a reverse problem solving role not only avoids combinatorial explosion, but offers
the pdential for solving process, mixture, and molecular design problems simultanéedisty
et al. 2003, Solvasoret al. 2008). h situations where models with the necessary degree of
accuracy do not yet existhemometric models of attribute&¥»(¢) or physicalchemical
propertiest» n) like the Scheffe canonical and Cox polynomial can be utilizedranmlporated
into the existing property clustering framewownkhile providing two benefits notfound in

traditional experimental design. Firshe experimental design points on which the model is
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basedaremapped intahe property cluster design space and checked against the targets used in
the design. This visualizatidechnique is appropriate regardless of the number of components
investigaed, thereby providing a means for ensuring the design space has been properly
explored.The procedure for evaluating the efficiency of coverage is related to how near the
optimum is to the design space. It would be unusual to measure this as mostdézigsire
component measuremerdgad involve interpolation However, should they not, gradient, non
gradient, and specialized optimization techniques can be used to find the optimum and a new
mixture design can be conducted tae predicted optimum (Laic 2004, Brandvik 1998,
Brandvik and Daling, 1998)

Second, most experiment based models utilize regression coefficients as estimates of the
effects of each property on the response. Depending on the type of regression utilized, the
interpretation ofiese regression coefients can be quite difficult. Visualizing the problem in
property space consolidates each components impact on the mixture, aiding in the ability to
screen components. For systems of up to 3 properties, the entire experimentaladdsall
associated regression coefficients can be represented on a single property cluster diagram. For
example, a 6 component system can be represented in a single ternary diagram in Fig. 7.1 where
the component effects are estimated according toesfgonse model chosen (see Section 7.1.1
and 7.1.2), the feasibility region is estimated as discussed in Chapter 6, and the design points are
estimated according to Section 7.1/A&dditional properties are either represented with additional
diagrams or sekd algebraically.Consolidating the numerous effects of the various components
on the response into distinguishable values may be used to surmise which of the components has

the largest effect and thus is most important.
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Third, constraints on the appéble range of the model and the potential mixtures that are
formed can be def idistidution erithe Bonfétrorti approximatignéon thel
predictive power of the modelgohnson and Wichern 2007)These can be used to apply a
second sink region which must also be matched simultaneously with the target feasibility sink

region(Solvasoret al. 2008; Solvasoet al 2009)

Responses (Attributes or Properties)

@® Component Effects

@ Design Points or
Mixtures

== Feasibility Region

c3 0.1 0.2 0.3 04 05 0.6 0.7 0.8 09 c1

Figure 7.1: TheComponentEffects, ExperimentalDesign Points, and Feasibility Region ofa
Six-componeniMixture DesignMapped to the Property Clustep®ain.

One difference between the use of regression based property models and conventional
property models is that the flexibility of parameter estimation allows for sleeofi negative

regressors, especially when the parameters are highly confounfl@étie coefficients only
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represented pureomponentvalues, then the propertywould always be positive, but if a
regressor isiegative then it follows thatoefficient is imicative of a strong colinearitgndbr
nonlinearity effect overwhelming the weak, positive linear effecthis situation carcause

problemswithin the traditional property clustering framework, but is not unsolvable
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Component Clusters
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C, 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 C,;

@6

Figure7.2: A Property Quster Simplex Diagram Showing a SeverComponent System using
Property @eratorsDerived from an Acetaminophedixcipient Design(Martinello et al. 2006;
Solva®n et al. 2008)  Clusters 1, 2, and 3 Represent the Propertgg$eAngle, Water
Content, and Gmpressibility.

For example in Fig. 7.2 a mixture design osevencomponents is shown in taernary
cluster diagram Components 6 and both had componengffects consisting ohegative
regression coefficientswhich, when clustered and mapped using Cartesian coordinate

transformations of Eq. 6.25 and Eq. 6.26, place them outside the traditional cluster diagram.
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Hence, itis possiblethat when using modelsomprised of regression coefficients CAMD,
some solutions may require mixing with chemical constituents outside of the cluster space
defined by the ternary diagramAs a result, it is necessary to defitne tregion outside of the
cluster spaces negdive cluster space and the region inside tdw@ary simplex as positive
cluster space.

Negative cluster space can consist of a multitude of regiofise total number of
negativecluster regionsiNg, is a function of the number pfpropertiesor a attributes, depending
on the system in questiofSolvasoret al 2008; Solvasoret al 2009) For a property system,

the following holds:
Nz =2p or Ny =2a (7.

For ap = 3 or a = 3 property or attribute solutiothe negative clustespaceis comprised o&ix
distinct regionsas shown in in Fig. 7.3 These regions are ofvo types: those with clusters
greater than one are called Type | regions and those with negative clusters are called Type Il

regions(Solvasoret al.2008; Solvasoet al.2009)

C; >1or C,;>1 Type | Regions (7.2)
C; <0Oor C;<0 Type Il Regions (7.3)

These regions are related to one another since in thatien of property clusters, Edest al.

(2003)notes that the clusters must sum to one, which also holds for clusters of attributes.

'a?_Cji=10raCki =1 (74)

j=1 k=1

155



For the three property examg. 7.4 implies that two negativeroperty clusters equate to a
third cluster with a value greater than one. Likewise, two clusters with a value greater than one
equate to a third cluster with a value less than one. The number of different types of (positive
and negative) cluster regisNr is related to the number of properties evaluated accordigg.to

7.16 (Solvasoret al.2008; Solvasoet al.2009)

C1 zero

————C3 zero

Figure7.3. Details ofNegative Property Cluster Space for lardeProperty §stem (Solvason
et al.2008; Solvasoret al.2009)

N, =porN; =a (7.9

Property clusters in theositive clusterregions may also be estimated from three negative

clusters and three clusters greater than one, respectiiélgse values may bnbe used to
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ascertain effects and may not be used in mixing without violating the monotonically increasing
rule for mixing proposed b8helley and EHalwagi (2000) and Edest al.(2003)

To diswss this limitation it i;moteworthy when dealing with negative property clusters
first investigate the constraints onthe Augmented Property IndexAUP). The non
dimensionalized properties are summed to createAld®. While a negative regression
coeficient may create a negative propeudperator the advent of such constructs must be

constrained by thiollowing rule (Solvasoret al.2008; Solvasoet al.2009)
Rule 5. All AUP values of the componemtsust be positive.
The rule can be writteas equation 7.6
AUP>0 (7.6

In order to meet Rule 4 it is often necessary to adjust the reference property values in Eq. 6.4.
Although the adjusted references give different values for the clusters, the underlying property
values are mchanged. For example, the cluster diagram shown irvHgs altered by changing

the reference values for the property operat@gihough the clusters of the three components
reside in a different location, their relative proximity to each otherthadfeasibility region
remains the sameln other words, for the example shown in Fig. 7.4, componaevitl &lways

be closest to the feduslity region while component Will always be farthest from the feasibility
region regardless of the property opieraeference chosen. Furthermore, wttenexperimental
design points A, B, C, D, and ffom the adjusted cluster diagram are transformed back to
component space, the resulting solutions are identical talébgn pointsderived using the
original refeences. This is an important aspect of property clustering as the flexibility to adjust
the property operator reference values allows negative regressors to be utlizedgorithm

that satisfies Rule 4 and Eq. 7.6 was presented in Chapter 6.
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7.1.1. Canonical Models

The simplest and mostfettive regression model to use with design of experiments is the
Scheffe canonical model of Eq. 3.3. Using the regression coefficients as estimates of the effects
of a component on the overall mixture, Eq. 3.3 can be transformed into the property operato
model of Eq. 6.1 fofN attributes using the nondimensionalized property operator expression
shown in Eq. 7.7:

b

_ 7.
V& (V) (71

ik

The procedure for clustering the property operator expression then follows the method
introduced in Section 6. It should be noted that the Scheffe canonical model ensures an
efficient CAMPD computation to the detriment of the interpretation of its parameters, which may
limit its use in secondary optimization schemes that use parameter interpretation tongmedict
experiments (e.g. genetic algorithm). The reason for this result is that the regression coefficients
for the Scheffe models are combinations of linear, collinear, and nonéffeats as shown in

Eq. 3.7 and often result in negative regressors dosters. However, as long as tA&JP of

pure component effects remain positive, mixtures generated from the negative clusters will still

meet the inteconservation and intreonservation rules of property clustering.



7.1.2. Polynomial Models

The appoachin Section 7.1.2s valid for setting up regression based modelsniaxing
and developing listof candidate solutions. However, if the objective is to screen constituents,
then som&nowledge of the pure component effects will be needed in ordedteadditional
experimentation each time a new constituent is added to the list of candidates. Since the
objective of the screening design is to understand the effects of the constituents on the mixture,
then the component clusters need to represenptire property values void of colinearities and
nonlinearities. One method for removing the colinearities is to utilize the Cox modifications on
the Scheffe camical modeldo create a reference mixture, or standard mixture. Shown in Fig.
3.2is a sinplex diagrampublished by Cornell (2002yith a standard mixture and a mixturex
with a larger proportion of constituext Noting thatx lies on aine from sto thex; vertex, then
the ratio of the othaus-1 constituents are in the same relative propns as the standard mixture.
As Smith and Beverl{1997)point out, the3 gradient, or change in response per unit change in
X, ats along the Coeffect direction is called theffect of x providedy; is free to range from O
to 1. Therelationship between the mass fraction, standard mixture and gradietiten as Eq.

7.8, which, when inserted into the polynomial expression of Eg. 3.3, results in Eq. 7.9:

x=5+D (3.19
S8 b 0

= y(s)+ D) 3.21

y(x) = y(s) ag ¥ (3.21)

wherey() is the expected response at design pwiahdy(s) is the expected response at the
standard eference mixture For an attribute systeff ), it has been shown that the response
of the standard mixturg(s) is equivalent to the centering function provided by the regrdssor

(Cornell 2002):
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W = relzko
Ve Y

(7.9

where W is the propgty operator for the standard mixture. The second term in Eq. 3.21
provides a direct link between the regressors and the position of the design points to the

reference mixturéCornell, 2002) such that

"ab o o

o2 gD =4 bx =Y’ 7.9
q@_ﬁ@) abx=y (7.9
y(x)= y(s)+y (7.10

wherey(s) is the response at the standard mixture @i the pseudo property value that
represents thattributes, k, contribution to the mixture. The equivalent property operator

expression forthE"at t ri but e ef f e ct thembecdingessEq.7.dlo ® componer

_ b
y k (yk )ref

WE (7.11)

with the rormalized property operator expressiohEq. 7.10, thus results Bq.7.12
W, =W, +W, (7.12
Likewise the augmented property index is rewritteE@s7.13:

AUP = AUP® + AUP* (7.13)

where theAUP® is theAUP of the standard mixture:

AUPS = a We (7.14)

k=1

andAUP’ is theAUP of the pseudo component effect.
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AUP” = § W, (7.15)

k=1

Redefining the property clusters in terms of the pseudo property clGgeand the standard

property clustelC; gives equations 7.16 and 7.17.

k

z - 7.16

X AUP? (7.16)
We

S = 7.1

K AUP® (7.17

The sum of these clustewsill not give the true clusterCy, as defined in Eq. 7.4yithout
correcting forthe different AUP values. This is done using a set of correction factors as shown

in Eq.7.18and7.19

. _ AUP?

= 7.18
AUP ( )
AUP®

FSs = 7.1
AUP (719

F*is the pseudo correction factor aftis the standard correctionctar. These are combined in
Eq. 7.20to give the relationship between the true property cluster, the pseudo property cluster,

and the standard property cluster.

C = FSCkS + FZCkZ (7.20

It should be noted thathile the transformation of the origal polynomials removes the
primary colinearity introduced bkq. 3.11 it leaves the secondary colinearities such as those
introduced by constraints on the constituent ranges, although both Scheffe canonical and

Cox polynomial models provide estimat®f the pure component effects of the chemical
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constituents, they are, in fact, not the property or attribute values of the pure components.
KettanehWold (1992) suggests that the best solution maybe to refrain from interpreting the
coefficients and relpn the predictions only but notes this solution is not acceptable in practice
since the interpretation of regression coefficients is a necessity when the objective is to find
component effects in screening situatio@me method to handle the estimatehef effects is to
constrain the solutions to the CABI within a feasibility region where the estimates of the
effects are considered valid, known as a model feasibility region (MFR). For multivariate
normal responsds, (/m s), a componentcan beteseed ai nst t he MFR 2using
T°=nY-Y.)S'(Y-VY) (7.2)
wheren is the number of experiments (i.e. mixture®)is a \ector of estimated means of the
response (e.gY = Awhen the responses of interest are attributesyand® when the reponses
are physicachemical properties), and is a vector of responses of a test mixter8is ap x p
(or a x afor attribute responses) matrix of the estimated variance and covariance between the
responses.

1 n _ .
S=— A (- V)Y.- V) (7.22)

- e=1
For theN, (/m s) population, the null hypotheslidy is that the test mixture is described by the
response model and that the alternaliypothesidH; is that it is not.
Ho: m= Ye (7.23)
Hy: mil Ye (7.24)

Ho et e [TAisidistdbated as the following:

12 _(n-1p Fo () (7.25)
n-p
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whereF,, np () is the single tailed F distribution. The null hypothesis is reject&tdélculated

from Eq. 7.21 is greater than the criti@@lcalculated form Eq. 7.25, as shown in Eq. 7.26.

Reject Hif T2 > (rr: 1|)op Fon o(X)

(7.26)

For the existing chemical consituents present in the training set of an I Addnfidence
intervals on the mean responses can be derived from Eq. 7.21 (Johnson and Wichern). However,
since the primary objective of the CAM is to generate new irtures, it is prudent to

reconstruct Eq. 7.21 in terms of the difference between the predicted response and the actual

response.

(7.27)

B
o
b4
0]

I O: OO

wherexe is the test set of new mixturexs,is the set of exiting mixture8Q, are the predied
responses of the set of test mixturgsis the measured response of the test mixtures,the
total number of experiments in the training sets the total number of chemical species in the
mixture, andS- is the unexplained variance in the fitteddel. Using multiple linear regression,
the confidence intervals of each test mixture for daatiribute (orj property) can be written as

Eq. 7.8 (Johnson and Wichern 2007):

Yke ° \/ﬁsiw a,n- u- a( )8&7 CSkEk di(xx)_lxe (728)

c(n-u-a ~¢h-u-1
Thea~ & attribute boundaries of the MFR are calculated by applying Eq. 3.3 (or Eg. 3.14) and
Eqg. 7.8 to each experiment in the training set and taking the maximum and minimum of the
responses. The cluster feasibility region is then built using the samedpre outlined in

Chapter 6. Further analysis of this region is given in Chapter 8.
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In some situations the property, attribute, and/or chemical constituents are highly
confounded with large amounts of covariance. For this situal@ttanelhWold (199R)
suggests the use decomposition techniques likerincipal Component Regression (PCR) and
Partial Least Squas on to Latent Surfaces (PLS) to find underlying, orthoganol properties or
components that can significantly reduce the complexity of thdgmobThese techniques were

discussed in detail in Chapter 3 and are applied to aCAMD with clusters in Chapter 9.

7.2. Attribute Clustering Algorithms

The attribute clustering algorithm for an attribute based computer aided mixture deisgn
(aCAMPD) proceed in the same manner as CAMwith the some additions. First, regardless of
the model type chosen, a training set of validated experimental design points (i.e. mixtures) are
available to for testing against the feasibility region. These mixtures caasidugated directly
from Eqg. 6.6 and, ik = 3 can be plotted by the procedure outlined in Chapter 6. Second, if a
Cox polynomial model is chosen for design, a pseudo feasibility region must be calculated from
the feasibility region limits adjusted for tiséandard reference mixture by rearranging Eq. 7.12,
7.13, and 7.20. The same holds true for the MFR limits. An outline of the clustering algorithm

is shown in Fig. 7.5.
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aCAMD Attribute Clustering Conversion Algorithm
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Figure 7.5: Clustering algorithm for Attribute based Computer Aided Moleclusigbe
(aCAMPD)

The choice of regression model (canonical or polynomial) dictates the specific equations

utilized in the clustering approach as shown in Table 7.1 and 7.2.

Table 7.1. Attribute Clustering Procedure for Scheffe Canonical Models

Step Description Equation
1 Select Linearized Canonical Model 3.14, 3.15
Fit Model to Experiment Design Points and Responses to Deter
2 3.10
Models Parameters
3 Guess Property Operator Reference Values and Calculate Pu 77
Component Effect Property Operator Vajue '

16¢€



4 Convert UL and LL Feasibility Constraints to Property Operato 6.7
5 Calculate the AUP of the Pure Component Effect Property Oper: 77 6.7 65
and the Feasibility Constraint Property Operators T
6 Calculate the Pure Component Effect Cluster 6.6
7 Calculate the Feasibility Region Sink 6.6, 6.7
Calculate the Variance, Covariance, and Confidence Intervals o
8 ) . 7.20
Experimental Design
9 Calculate the Model Feasibility Region using Confidence Intervi 7.28, 6.6,
around the Responses of the Expemtal Design Points 6.7
10 Run Reference Optimization Algorithm for N&tositive Clusters 6.86.12
11 Convert all Clusters to Cartesian Coordinates and Plot 6.236.26
Table 7.2. Attribute Clustering Procedure for Cox Polynomial Models
Step Description Equation
1 Select Linearized Polynomial Model 3.3,34
Fit Model to Experiment Design Points and Responses to Deter
2 3.10
Models Parameters
3 Guess Property Operator Reference Values and Calculate Pse 78 711
Pure Component Effect and Stardi&roperty Operator Values T
Convert UL and LL Feasibility Constraints to Pseudo Property
4 L . 6.7,7.12
Feasibility Constraints
5 Calculate the UL and LL of the Pseudo Feasibility Region AUF 7.15
Calculate the AUP of the Pseudo Pure CompondertEand
7 : 7.14,7.15
Standard Reference Mixture
8 Calculate the Pseudo Component Effect and Standard Refere 7.16,7.17
Clusters
Calculate the Variance, Covariance, and Confidence Intervals o
8 ) . 7.20
Experimental Design
9 Calculate the Model Feagliby Region using Confidence Intervals 7.28, 6.6,
around the Responses of the Experimental Design Points 6.7
10 Run Reference Optimization Algorithm for N@&tositive Clusters 6.86.12
11 Convert all Clusters to Cartesian Coordinates and Plot 6.236.26




7.3. aCAMPD using Experimental Data and Data Driven Models

Once the attribute (or property) clusters have been calculated, ¥T8aM proceed in a
similar manner to CAND. Since Shelley anél-Halwagi (2000) have shown that @roperty
cluger is conserwe through mixing, the fractional calculation of any mixture in the cluster
design space can be found. For Scheffe canonical models, the property operator expression is
identical to Eq. 6.1 and the design procedure follows the outline provided in Se&ioritt®
some additional rules. First, immediately after testing for Rule 1, the mixtures should be tested

against the MFR using Rule 6, discarding any solutions that fail the test as infeasible.

Rule 6. Cluster values of the source (or mixture of sources) imeistontained within the

MFR of the sink in the cluster domain

Likewise, following the tests on Rule 2/3, the mixture should be tested against Rules 7/8 for

suitable MFRAUP values.

Rule 7. The values of the Augmented Property Ind&xJP) for the source or mixturef

sourcesnust fall within theAUP range of the MFR

Rule 8. The AUP of the candidate must match t&JP of the MFR sink at the candidate

point as calculated from the sink boundary points.

For Cox polynomial models, the calculation of the mixture fractions meguihe
rewriting of Eq. 6.18 in terms of a mixture of pseudo properties and standard properties. First

Eqg. 6.1 is written as Eq. @2

W = a W, & (7.29)
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The normalized property operator for each component effect can be written as Eq.d7.12 an

inserted into Eq. 72to give Eq. 730

& +W (7.30)

Dividing the expression by th&UP of the mixtureand inserting standard mixture correction

factor and cluster definition gives Ef31

~ WE
B al. XI ki V\Iﬁ s
Cw = + -

AUR, AUR; "

(732
Inserting thecluster definition oEq.7.17 into Eq7.31and rearranging givesqg 7.32

a xW
C.y - FSCS, = (7.32)
kM M ~kM AUPM

Noting that the left hand side &q. 7.32 is the same as the product of the pseudo correction

factor and the pseudo property cluster of the mixtheeegquation is rewritten &sj.7.33.

é. X W?i

FiCz, = ‘AUP (7.3
M

Inserting the pseudo cluster definition to remove property operator in favor of the cluster and

rewriting theAUP of the mixture in pseudo terms givieqg. 7.34:

a x AUPIC;

ci = 7.3
M AUP? (7.39)



Eg. 7.3 assumes a familiar form of the relative cluster arm using the pseudo relative cluster arm

d*as defined b¥q.7.36.

C =& d’C] (7.3)
gz = XAUR (7.36)
AUR;

The pseudo relative cluster arm maintaires thonotonically increasing criteria imposed
by Edenet al (2003)provided that all of the augmented property indices used in the solution of
the problem are positive; a constraint placed on the solutidgby.6. A negativeAUP would
violate this relabnship and prevent the proper cluster soluffom being obtained.The relative
cluster armsof the pseudo mixing rulen Eq. 7.35are indicative of a mix involving a pseudo
feasibility region. The pseudo feasibility region is defined in the same masnthe true
feasibility region but corrects for the standard mixture property values Hging 12 Often this
means that the pseudo region is located in the negative cluster spaeeresulting pseudo
relative cluster arms represent the additiorthef pseudo components to move the mixture into
this region, only now each pseudo comporstter represents itontribution to the mixture 6
properties, void of most colinearitie§.or example, supposeus= 3, p = 3 component system is
being evaluatedby property clustering and that parameters for both the Cox polynomial and
Scheffe canonical models are estimated. As shown in Fig. 7.6, identical mixtures A, B, C, D,
and E are calculated using both the conventional cluster mixing approach with Sabddéte or
the pseudo clustering approach using Cox modgtss is expected since the normal Scheffe and
Cox mixing designs achieve the same property response(@lotsell 2002) | t i's the aut

recommendation that farase of usehe traditional property clustering method should be used
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with the Scheffeproperty operators, while the pseudo property clustering method using Cox
property operators should be reserved for interpretation of component effects on the mixture
properties. An interesting benefit of using pseudo property clustering with Cox medekhe
traditional method is the ability to visualize the components impact on the mixtures properties
simultaneously.In the traditional techniques, each response plot is mapped onto the component
space. Ignoring the combinatorial explosion issue fooeent, it can be seen that when two or
moreiso-properties are parallel or conflict in direction, it can be difficult to know where to move
the mixture visually. This problem is compounded exponentially when multiple companent
evaluated; leadingesearcherso eitherlimit the number of components in the experiment or use
powerful statisticaltechniquesuch afPLS. Pseudo property clustering offers a medium ground
between the two methods and in some cases can be used in conjunction with PCR amd PL
further clarify solutions, especially when performing screening desighdes governing the
interpretation of the cluster points in the property cluster space are listed as follows:
Rule 9. The visual distance from the standard mixtut@ a component clustepoint is
indicative of therelativemagnitude of theomponentgffecton the response
Rule 10. If the constituents lie on opposite sides of a line which passes through the standard
reference mixture, then the constituents are said to be inversely related.
A flowchart of the aCAMD method is shown in Fig. 7.7 and Table 7.3 lists the equations

used in the design.
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Property Operator Bdds.
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Table 7.3: Thettribute BasedComputerAided Mixture Design (aCAMD) Method.

Step Description Equation
1 Set/*Maximum Dissimilar Species in Mixture -
5 Discard Pure Component Clusters (from aCBMConversion 6.6 6.7
Algorithm) that Fail Rule 1 T
3 Discard Pure Component Clusters that Fail Rule 2/3 6.5, 6.7
4 Discard Pure Component Clusters that Fail Rudad reside outsidg 7.25, 7.26,
the Model Feasibility Region 6.6, 6.7
5 Discard Pure Component Clusters that Fail Rule 7/8, Output P{ 6.5, 6.7,
Component Candidates 7.25,7.26
6 For Binary Mixtures with Pure Component Candidates, Calculate 6.31, 6.23,
Clustersat the Intersections of the Sink and the Mixtures 6.24
7 Calculate the Cluster Arms 6.21, 6.22
8 Calculate the Fractions of Each Pure Component 6.32
9 Calculate the AUP of Mixtures 6.20
For Mixtures that Fail Rule 2 or 3, set the A& the UL or LL of
10 the Sink and Recalculate the Component Fractions, Discard Bir 6.20
Mixtures with Component Fractions <0 or > 1
11 For Mixtures that Fall Rule_6, Recacluqte the Mixture at the MR 6.31, 6.21,
Boundary, Discard Solutions that Fail Rule 1 and/deRi3 6.32
For Mixtures that Fail Rule 7/8, set the AlJBt the Minimum UL or| 7.25, 7.26,
12 Maximum LL of the.both th.e FR anpl MFR .Sinks anql Recalculatg 6.6, 6.7,
Component Fractions, Discard Binary Mixtures with Componel 6.31, 6.21,
Fractions < 0 or > 1, Output Candidd#lixtures 6.32
13 For Binary Mixtures with no Pure Component Candidates, Calcy 6.23 6.24,
the Reference Constant for each Mixture 6.30
14 Calculate the S!nk Constants for each Mixture, Discard Mixturg 6.236.24,
where all Sik Constants are > or < Reference Constant 6.27-6.29
15 Calculate the Clusters at the Intersections c_)f the Si_nk and the Mi| 6.31, 6.23,
and Repeat Steps14, Output Candidate Mixtures 6.24
16 For m3 Ternary+ Mixtures withm - 1 Candidates, Calculate the 6.31, 6.23,
m- 1 Equivalent Clusters 6.24
17 Calculate the Clusters at the Intersections of the Sink anehi® | 6.31, 6.23,
Mixture and Repeat Stepsl2, Output Candidate Mixtures 6.24
19 For m3 Ternary+ Mixtures with nan- 1 Candidates, Calculate th 6.34, 6.35,
Cluster Range of the Pure Components 6.6




20 Calculate the Cluster Range of the Feasibility Sink, Discard Mixt| 6.34, 6.35,
whose Pure Component Cluster Range is > Sink ClustegeRan| 6.6, 6.7
21 Repeat Steps 180 until 77*is reached -

After the initial aCAMD has been conducted, it is useful to design a feedback loop to
help drive the design toward an optimal mixture. The determination of optimal conditions from
an experimental design is among the most complex problems for a researcher (Lazic 2004). In
many cases because of the complexity of the interactions, especially those across multiple scales,
deterministic models are not sufficient and the optimization sdoyranalytical or by a hybrid
analyticalcomputational method. In the context of DOE, interpretation of the models, model
parameters, and the effects of each of the components on the properties of the mixture is the
objective of screening designs. Beyasuteening designs, the prediction of the optimum from
the property models can help to focus future experimentation and improve the interpretation of
the property models. Reaching the optimum is more efficient if the obtained model is adequate
(Lazic 2004). As discussed in Section 7.2, thedst is most often used as a measure of the
adequacy or lackf-fit of the model. Increasing the number of model parameters is usually the
preferred choice to improve the laokfit, often resulting in quadratic, spatcubic, or even
specialquartic models (Brandvik 1998, Brandvik and Daling 1998). For these higher order
models, transformations would need to be applied in order to sufficiently linearize them for use
in the property clustering algorithm. Once the modeldeemed adequate, the region of
applicability needs to be determined. Since the mixture design is performed in the local domain,
then the resulting regression coefficients of the property models express factor effects exactly in
that part of the domairt the predicted optimum lies outside of the experimental region studied,

then the experiments need to be recentered around the optimum. Many techniques to achieve this
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repositioning including gradient, nongradient, and other optimization methods, israesded

in Chapter 3. Gradient methods are based on the derivative of the response surface model and, as
such, are used only when the model is deemed to be adequate. The most common gradient
method is the method of steepest ascent which performs expeyiatepredetermined steps

along the vector formed by the gradient of the response surface and is discussed in Chapter 3.
The two shortcomings of the method, namely weighting fractions and visual representation, can
be handled by property clustering. S#nproperty clustering converts the properties into
conserved surrogate property clusters, the steepest ascent gradient method can be entirely
performed in the clustering domain at reduced complexity. The terms used in the gradient
expression are the regsess corresponding to each effect direction and remain unchanged as the
solution is marched toward the predicted optimum represented as the feasibility region.
Furthermore, the step size can be estimated in the property domain rather than the component
domain, which may decrease (or increase) the number of steps needed to reach the feasibility
region. For this reason, it is beneficial to estimate both step sizes, choosing the largest step
whose predicted property cluster remains within the MFR. Onceotbgos leaves the MFR,

the method is stopped and a new MDOE will need to be conducted.

In cases where the gradient method is unable to reach the feasibility region, either the
adequacy of the model needs to be improved or a more realistic set of tergdssto be
specified. If the adequacy of the model cannot be improved enough to be deemed sufficient and,
as such, is deemed inadequate, then nongradient optimization is performed. Nongradient
optimization searches for the optimum using a -tepgtep corparison of obtained property
values. One of the most common types of nongradient optimizations is the simplgixesgiing

method (Lazic 2004). This method works by first conducting a simple mixture design around an



initial guess. Next the lowest respensroperty value is dropped and a miiage experiment
opposite of the dropped value is conducted. Within the property clustering construct, the mirror
image may be calculated in the property cluster domain and then back calculated to get the
mixture fractions. Like the gradient method, this procedure has the potential to provide larger
steps toward the solution and continues until the algorithm repeats the same experiments,
indicating that the optimum is somewhere in the bounded region. However,maefinition,

the use of the nongradient method is indicative of an inadequate model, then the terms of the
model will not adequately convert the measured properties to equivalent constituent fractions.
As such, it i's this m@aperth dustéring shoald aniy beeusedi asa o n
visualization tool. Doing so allows the march toward a candidate solution for systems with
multiple chemical constituents and/or multiple properties to be monitored regardless of the
number of chemical constiats studied for up to three properties. For more than three
properties, the algebraic method developed byaQal. (2004) can be adapted and used.

Once the boundary of the MFR has been reached, a new MDOE can be performed. Good
properties of the MDOE cewist of orthogonality, rotatability, and symmetry about an
experimental center point (Lazic 2004). The spacing of the experimental design points around
the target optimum in the new MDOE is performed in a manner similar to the original MDOE.
One exceptionhowever, is the choice of defining the experimental design region in terms of the
chemical constituents or properties. Since the success of the design is judged by the ability to
arrive at the feasibility region, which is defined in terms of propetrtes) it would follow that
the new experimental design region should be conducted using properties of the feasibility
region mapped back to the component space. Using these mixture ratios will most likely result in

a loss of symmetry about the experimemeasign center point. Various optimality algorithms
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describing the variance profiles associated with each type of design can be used to quantify the
effect of the | oss of symmetry. |t I's the ex
points that btter describe the feasibility region or the design points that are more symmetric.

Once the experiments are conducted, the aAptocedure is repeated.

7.4. Case Study: Polymer Spun Yarn Mixture Design

The case study used to highlight this methodolsgihe development of a polymer blend
of spun yarn for marine applications. The yarn is blended in a filament winding operation under
the constraints of classical lamination theory, which states that the properties of the wound
filament are universal thrghout the yarn (Gurdat al 1999). Three properties (e =P and
p =3) were evaluated by researchers: thread elongafign Knotstrength P,), and density
(P3). Four components (e.q. = 4) were evaluated using a simplextice design oin = 10
experiments. Data for componernts 1, 2, 3 (lowdensity polyethylene (LDPE), polystyrene,
and polypropylene) were compiled from Cornell (2002). Data for a fourth compbredt
nylon 6,6, was collected from Rodriguet al. (2003) The resulting MDOE ishown in Table

7.4.

Table 7.4: Simplextattice Design for the MDOE of Polymer Spun Yarn

Chemical Constituents Response Properties
Exp. Run
X1 X2 X3 X4 Y1 Y2 Y3
1 0.96 0.02 0.02 0.00 11.75 9.70 1.29
2 0.50 0.48 0.02 0.00 10.69 11.20 1.14
3 0.50 0.02 0.48 0.00 13.91 10.80 1.18
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4 0.73 0.25 0.02 0.00 11.22 10.45 1.22
5 0.50 0.25 0.25 0.00 12.30 11.00 1.16
6 0.73 0.02 0.25 0.00 12.83 10.25 1.24
7 0.50 0.25 0.00 0.25 10.82 10.66 1.20
8 0.50 0.00 0.25 0.25 12.57 10.44 1.22
9 0.25 0.25 0.25 0.25 11.99 11.26 1.14
10 0.57 0.17 0.17 0.08 12.01 10.64 1.20

Using linear regression, firsirder Scheffe and Cox models were developed for the properties
thread elongation and knot strength. For the third property, density, a previously developed pure
componenfroperty operator model was utilized (Edetnal 2003. Fitting the models to the

data set in Table 7.4 resulted in significant models with all individual component terms also

significant. The regression coefficients for the two model types are fourabie 7.5.

Table 7.5: Scheffe and Cox Model Regression Coefficients

_ Scheffe Models Cox Models
i

Yibr) | Yob*) | Yi(b) Yi(b) Ya(b) Ys(h)
1 11.70 9.59 1.30 -0.2968 -1.041 0.104
2 9.40 12.85 0.98 -2.597 2.219 -0.216
3 16.40 11.98 1.07 4.403 1.349 -0.216
4 10.47 10.61 1.20 -1.524 | -0.02433| 0.00365
S - - - 12.00 10.63 1.20
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To determine the specific product targets, it is important to understand the relationship
between the endse attributes and the measured properties. The product in this seggoe
used in the spinnaker sheets and guys on a race sailboat. One of the important properties in this
application is that the sheets and guys have some stretch so that the spinnaker will stay filled in a
gust of wind, but not so much that it loses designed aerodynamic shape. It has been
determined that this attribute is best observed with a thread elongation between 12 and 16 kg of
force. The sheets and guys are also under an immense load and need a high breaking strength
while maintaining some diibility. This attribute has been determined to be best represented by
a knot strength between 12 and 13 Ib of force. Finally, during the setting and dousing of this
spinnaker on a race boat, the sheets and guys may contact the water surface. If tiney are
dense, they may ride under the boat and foul the keel. If they are not dense enough, their
diameter could change too much when put under load. On the basis of these attributes, the
specific volume should be between 1.0 and 1.25 mL/g.

Utilizing the regression coefficients found in Table 7.5 in the models of Eq. 3.3 and Eq.
3.14 results in the response surfaces in the simplex diagrams of Figure 7.11. The experimental
design points and their resulting property values are also plotted. The feasibiliy ieghe
region shown in green and yellow. Immediately obvious is the difficulty in the interpretation of
the overall design because of the use of multiple charts. Likewise the influence of single
chemical constituents is difficult to measure becausg thay have competing effects for
different properties; adversely effecting one property to the benefit of another. Furthermore,
should an additive be chosen to supplement the design, additional figures would be required to
determine its impact and relat&inp to the current design. All of these conditions make for a

less than ideal situation known as combinatorial explosion.
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Figure7.11: The Various Simplex Diagrams based arstFOrder Models of theResponsega)
ThreadElongation, (b)Xnot Strength, and (c) Specific Volume. The@uctTargetRegions are
in Green and ¥llow.
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To provide an easier method of which to examine the impact of components on all the
properties simultaneouslyhe design is analyzed using property clustering. Using Eq. 7.7 for the
Scheffe model and Eqg. 7.8 and Eq. 7.11 for the Cox model, a set of dimensionless property
operators are created with a set of references chosen to ensure a poias shown iTable

7.6.

Table 7.6: Nondimesionalized Property Operators and References

Scheffe Models Cox Models
I
W W Wi 73 73 73

1 0.780 0.639 1.300 | -0.0@78 | -1.176 1.19
2 0.627 0.857 0.980 -0.0243 2.508 -2.48
3 1.093 0.799 1.070 0.413 1.525 -1.45
4 0.698 0.707 1.200 -0.0143 | -0.02749| 0.0419
S - . - 0112 | 1201 | 137
ref 15 15 1 107 0.8849 0.0872

The Sch#fe dimensionless property operator models are then converted to clusters using
Eq. 6.6 and shown in Table 7.7. Next, the responses measured at each of the mixture design
points are converted to property clusters and shown in TableFhally, the spefied product
targets are converted to a target feasibility region using the method discussed in Chapter 6,

resulting in Table 7.9.
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Table 7.7: Property Clusters aAtlPs of the Scheffe Canonical Property Operators

Property Clusters
[ AUP
Ci C Cs
1 0.287 0.235 0.478 2.72
2 0.254 0.348 0.398 2.46
3 0.369 0.270 0.361 2.96
4 0.268 0.271 0.461 2.61

Table 7.8: Property Clusters aAtlPs of the Experimental Mixtures

Property Clusters
i AUP
C1 C, Cs
1 0.288 0.238 0.474 2.72
2 0.274 0.287 0.439 2.60
3 0.328 0.254 0.418 2.83
4 0.281 0.262 0.457 2.66
5 0.302 0.270 0.428 2.72
6 0.308 0.246 0.445 2.77
7 0.275 0.271 0.455 2.63
8 0.305 0.253 0.442 2.75
9 0.298 0.279 0.423 2.69
10 0.296 0.262 0.442 2.71
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Table 7.9: Property Clusters aAtJPs of theFeasibility Region

Property Clusters
Feasibility Region AUPE
C G C;
Pt. 1 0.281 0.281 0.439 2.85
Pt. 2 0.274 0.297 0.429 2.92
Pt. 3 0.300 0.325 0.375 2.67
Pt. 4 0.364 0.295 0.341 2.93
Pt. 5 0.372 0.279 0.349 2.87
Pt. 6 0.342 0.257 0.401 3.12
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Figure7.12 The ExperimentalDesignPoints of theCase Study, a Foitomponent Mixture of
Polyethylene, Blystyrene,Polypropylene, and Ydon 6,6 Mapped to Property Clusterp&ce
(Solvasoret al 2008; Solvasoet al 2009)
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All clustersare then plotted in property clustering diagrams shown in Fig. 7.12 with the vertices
representing each of the three properties in their cluster forms. By reducing the complexity of the
visualization of the design problem using property clustering, o clear that the third
chemical constituent, polypropylene, is closest to the feasibility region, followed by constituent 4
(nylon 6,6), constituent 2 (polystyrene), and constituent 1 (LDPE). Thus, the addition of
polypropylene to a hypothetical mixtuvell do little to change the properties of the mixture,
suggesting it should be used as a fil@f.the three remaining polymers, LDPE appears to have
the largest impact on the mixture properties when looking at Figi& Fowever, since the
component #ects were derived using Scheffe models, inherent colinearities exist.

Converting from the Scheffe canonical models to Cox polynomial models with a standard
reference mixture at locatio(0.574, 0.173, 0.173, 0.0§3removes the primary colinearity
resultng in a better visualization of the effect of component

The Cox property operators in Table 7.6 are then used to calculate the pseudo cluster with

EqQ. 7.16 shown in Table 7.11 and the standard cluster with Eq. 7.17 shown in Table 7.10.

Table 7.10: Roperty Clusters andUPs of the Standard Reference Property Operators

Property Clusters
i AUP
C° C° G5’

S 0.00435 | 0.465 0.531 25.85

Table 7.11: Property Clusters aAdPs of the Cox Polynomial Property Operators

Property Clusters
[ AUP
C/’ C’ Cs’
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1 -0.2781 -117.6 118.9 0.0100

2 -18.9 1907 -1883 0.00131
3 0.3%49 13.11 -12.47 0.0116
4 -142.8 -275.0 418.9 | 0.000100

Likewise, the pseudo feasibility region is also calculated by correcting the points listed in Table

7.9 to get Table 7.12.

Table 7.12: Property Clusters aAt)Ps of Pseudo Feasibility Region

Pseudo Property Clusters
Feas. AUPE
Region C/’ C* Cs*

Pt. 1 0.0040 0.4841 | 0.5119 28.01

Pt. 2 0.0039 0.5041 | 0.4921 29.14

Pt. 3 0.0043 | 0.5591 | 0.4366 26.28

Pt. 4 0.0057 0.5583 | 0.4360 2631

Pt. 5 0.0060 | 0.5385 | 0.4556 25.18

Pt. 6 0.0043 0.4834 | 0.5112 28.05

Figure 7.13 illustrates the standard and pseudo clusters, zoomed out to include negative
cluster space. The values located along the horizosagisxand vertical yaxis are the Cégsian
coordinate scales. Here it is confirmed that polypropylefeh@s the smallest effect on the
combined mixture properties. However, by removing most of the colinearity in the model, the

result now clearly shows that polystyrené) (2as the strorest effect on the combined mixture



properties. It also shows that polystyren& ¢hd LDPE (1) have inverse effects, a result not

clear in Fig. 711.
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o Standard Reference
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Y C2<0 cl>1 -300
-300 -100 100 300 500 700 900

Figure7.13: TheClusteringDiagram for theCaseStudy $iowing the CoXPolynomial Model in
NegativeClusterSpace.

Evaluating the placement of the experimental design points in the property cluster space
also offers insights into the design. In FiglZthe experimental design points are translated to
the property cluster space. A single experimemisting of an equimolar ternary mixture falls

within the feasibility region. Unfortunately, the rest of the design points are outside the
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feasibility region and none of the candidate mixtures fall withinAb® range. This inference
can also be made whewvestigating Fig 7.1 but with considerably more effort.

To find potential candidate solutions to the mixture design, the iDANas executed in
accordance with Fig. 7.7 and Table 7.3. Since the calculation of canonical component clusters,
feasibility clusters andAUP values required fewer steps to compute, this data set was chosen as
the inputs for the aCARD algorithm. Alternatively, pseudo component clusters, pseudo
feasibility clusters, andUP* could have also been chosen.

First, a search for re component candidate solutions was initiated, resulting in no
matches. Second, binary candidate solutions were generated. Mix@irdstland 24 were
found to fail Rule 1, so they were excluded prior to property calculation. Mixtures of
componerg 1-3, 2-3, and 34 were found to meet Rule 1 and Rule 2. However, when mixture 1
3 was tested against Rule 3, it was discovered that its mi&tuR range did not overlap the
f easi bi | AUPyalongatg mixing cusve and was thus discarded. Ab@y range of
mixture34 al so fail ed t o ovAUPdrange albny &s mixieagacarveland! i t vy
was likewise discarded. Fortunately, thdPy range of mixture B did overlap the feasibility
r e gi AUR dasge, and was thus back calcutbtey setting theAUPy to the AUP: of the
feasibility region at the intersection point. It was determined that the mixture range varied
primarily in C; alongC,” andC3", so the corresponding mixture was determined using\the:
of Pt. 3 and Pt. 4, respgeely. The resulting mixture fractions were calculated with Eq. 6.33 to
get 0.057 < x< 0.591 and 0.409 <3x 0.943, as shown in Table 7.13. Mixtur& 2epresents

the simplest mixture that delivers the desired attributes of the design problem.
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Tabe 7.13: Binary Mixtures that met Rglé and 2.

Binary AUPy, AUPE Mass Fractioni
Mixture
- LL uL LL uL LL uL
1-3 2.87 2.89 3.07 3.11 - -
2-3 2.62 2.94 2.71 2.93 0.057 0.592
34 2.73 2.93 2.96 2.97 - -

Any binary mixture candidate will also belalto form a ternary mixture candidate.
Therefore, ternary mixtures-23 and 23-4 will, by definition, meet Rules 1, 2 and 3. To
determine the maximum amount of component 1 that can be added to the soluthdsRPtiveas
first calculated by looking foa minimumW, along the mixing lines between component 1 and
the 23 binary mixture. The resulting mixtures produced maximums @ 0. 0 20 and
0.168, with the largest fraction being returned. The procedure was repeated for mi3tire 2

and the rsulting mass fractions are shown in Table. 7.14.

Table 7.14: Ternary Mixtures that met Rule 1, 2, and 3.

Ternary Mass Fractioni Mass Fractionw
Mixture
T LL UL LL UL
1-2-3 0.00 0.168 0.048 0.592
2-3-4 0.056 0.592 0.400 0.943

It should be notedhat the procedure to find th&UP: is cumbersome. An often quicker

alternative is to predict the property values at the intersection point of the feasibility region and
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the mixture curve and march the solution along the curve until one of the properfi@sger
falls within the feasibility limits. This point occurs at the location wh&téP:- is equal to
AUPy.

In addition to the ternary mixtures shown in Table 7.13,langry mixture that met Rule
1, but did not meet Rules 2 or 3, may also be able g@etrthe constraints on the design. For
example, the ternary mixture3t4 is comprised of two binary mixtures-8land 34) that met
Rules 1 and 2, but failed to meet Rule 3. Selecting the binary mixture with the broadest mass
fraction delta that met Reil2 (e.g. mixture -3) and investigating the remaining pure component
(e.g. component 1) results in an indetermin@ldP:. This result is directly attributable to &l
values used in the mixture being below the targets for the design. As a result, mi3tdiris 1
not a candidate solution. The procedure can also be applied to a tertiary mixture, but was beyond
the scope of this design.

A model feasibility region (MR) can also be calculated for this aCAM In particular,
thea = 3 andn = 10 multivariate system, a MFR was estimated at 95% confidence around each
of the design points as shown in Fig. 7.9. As shown in the figure, the boundary of the closest
candidatesolution, a ternary mixture of component 1, 2, and 3 still remains outside of the MFR,
failing to meet Rule 6, meaning that the property operator models must be partially extrapolated
to estimate the candidate. This is an insufficient design. To prewashl extrapolation, the
design points should be repositioned so that they cover the entire feasibility region. The
procedure for executing the repositioning must take into consideration the increase in accuracy
of the property space at the expense oinagiity of the component space. Two methods exist
for the reparanterization: (1) increase the complexity of the model to improve its fit or (2)

improve the estimates of the component effects by repositioning the effects over the optimum.
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Since the fit othe firstorder models were found to be excellent witknaalue of <0.0001, then
the model structure is adequate and should not be changed. Instead, new estimates of the
component effects should be found by conducting a new MDOE. The center point efathe n

MDOE should be at the optimum of design.
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It can be found in two ways: (1) using the existing response surface models and (2)
performing a domain search using a gradient neetRor the first method, the Solver function in
Excel was used to find the optimum by maximizing a geometric mean square of the system of
response models. The optimization resulted in an optimum located at chemical constituent 3,
polypropylene. The magnitie of the factor level adjustment for the MDOE is then at the
discretion of the experimenter. For the second method, the gradient direction of the combined
response surface was found to be equal to the values regressors, which suggests a vector pointing
toward polypropylene. The choice of step size along the gradient is again at the discretion of the
experimenter. Both of these methods require additional experiments that are beyond the ability of
our laboratory to perform and as such limits further anslg$ithe case study. However, the
main objective regarding the use of property clustering to reduce combinatorial explosion in
screening designs has been thoroughly investigated. Continued analysis on optimization,
decomposition methods, and phenomenoklgicodels is presented in Chapter 8 and Chapter 9.
Regardless of the applicability of the response surface models, clustering the solution still
provides the benefit of viewing the design in its entirety on a single diagram, irrespective of the
number ofcomponents studied as long as the number of properties measured is three or less. In
cases when three or more properties are studied, additional diagrams may be used or algebraic

methods applied.

7.5. Summary

In this work, a systematic propetthased frarawork for evaluation of mixture design
problems using property clustering has been presented. The recently introduced property
integration framework has been extended to include experimentally derived property operator

models: specifically firsbrder Sch#e canonical and Cox polynomial models. When
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interpretation of the chemical constituentaos

derived property operator models are utilized such that the location of the pseudo chemical
constituent relativetb he st andard reference mixture 1is
properties. The accuracy of the design is visually observed by placing the design points in the
property design space.

A significant result of the developed methodology is that gooblems that can be
satisfactorily described by just three properties, the experimental mixture design problems are
analyzed visually on a simplex diagram, irrespective of how many chemical constituents are
included in the search space. However, algebemd optimizatiorbased approaches can easily
extend the application range to include more properties. In summary, the technique proposed
should be capable of extending the use of the property clustering algorithm and the reverse
problem formulation tanclude the utilization of data and dateven models. This significant
contribution will allow the exploration of models capable of describing properties that depend on
molecular architectures that may exist at a variety of scales, so long as tioeylicerarized. In
particular, difficult to quantify chemical product attributes that rely on experimental descriptions,
such as toxicity or disintegration time, can now be simultaneously evaluated in a property cluster
diagram, providing valuable desigmsights. Furthermore, the use of data driven models opens
up the clustering framework to instant validation using known property values of chemical
products. However, the method outlined will be limited to pure components and mixtures of
pure componentsyhich will limit the range of chemical products that can be designed. In order
to extend the design range, smaller building blocks that could be combined to build molecules
not present in the experimental design would be useful. One such technigee gsotip

contribution method GCM) which is a QSPR technique that distills chemical property data
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down to individual functional groups using group theory. Combining-diaan techniques
with GCM within the clustering framework and applying it to a reegusoblem formulation to
investigate all chemical product architectures within a specific property range will be discussed

in detail in Chapter 8.



Chapter 8

Attribute-Computer Aided Molecular Design (aCAMD)

In his review of chemical product desigGani (2004) defines the genesaitucture of
product designproblems in process systems engineering, identifying several areathéhat
systems engineeringpmmunity can improve through thdevelopment of novel methods and
tools. One particular needeadtified by Gani (2004) was for a method to enlarge the application
range of existing property models and/or to develop new property models in order to better
describe structured chemical products with large numbers of atoms or highly electronegative
behavor. In the absence of adequate models, the conventional approach to these types of
problems has been to rely on empirical or simulation models to describe the sstiemaing
the boundariesvhere the models are adequate, and then designing the mokechldecture of
chemical products in those adequate domains. While accurate, this appiidafdrised,time-
consuming expensive, and overly narrows the design parameters, resulting Hoptiorum
products. As shown by Duvedi and Achenie (1996) aibiication of conventional solvers like
mixed-integer, nodinear programs (MINLPs) to a computer aided molecular design (CAMD) is
limited to local optima solutions when the property prediction methods arénean and there
IS no guarantethat the global optimum exists among the generdistiof candidate molecules.
Although work in disjunctive programming (Grossman 1999, Sammabas 2009, Odjoet al.

2011) has been developed to address some of these shortcomings, the uncertainty in the design
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space, lack of insight in to the relative impacts, similiarties, and interactions of each of the
candidate molecules and molecular groups, and forward problem orientation limit its use.
Recognizing the above limitatiorthjs chapter describes a new tecluaicalled attribute
based computer aided molecular design (aCAMD) that coml@resrimental methods with
CAMD techniquesin a reverse problem formulation (RP) obtain the enumeration of all
possible candidates and candidatetomes. In Section 8.1h¢ mapping of data in the consumer
attribute domain in to a physieahemical property domain described by group contribution
methods GCM) is discussed followed by the identification of suitable alternatives usiagd
2" order GCM techniques in the rpperty clustering framework. Section 8.2 discusses the
clustering of the pure component effects, candidate mixtures, feasibility region, and the model
feasibility region. Section 8.3 describes the aCAMD solution approach, interpretation of the
generateccandidates, the model feasibility region (MFR), and the limitations of the technique
when crossvalidating the results in both the property and attribute domains. Section 8.4
highlights the method in a case study on environmentaly friendly refrigersighdend Section

8.5 concludes the chapter with a summary.

8.1. Integrating Attribute Data and GCM Models with the RPF

It is well recognized that experimental methods ypiobabilisticmodels which may be
of less accuracy thacomputational chemistrydsed deterministicnodels. However, several
well established techniques exist for the proper estimation of this residual error and its resulting
propagation.In additionthe probabilisticmodelscan be tailored tbhave a reducedonlineaility
which resuls in fewer local optimand improve the likelihood of finding the global optimi&
any nonlinearities exist in the constitutive equations, they can be marginalized by using a

reverse problem formulation with property clusters to solve the problene iprdperty design
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space by making using of the duality of linear programming (Edesl. 2004, Eljacket al.
2007). Ewmeration of all possible candidate mixtuigspossible using group contribution
methods GCM) to predict the molecular structure andrbgtching the result against the product
design suiproblem. This allows for the complete identification of all possible candidates and
candidate mixtures without being computationally expensive. The benefit ofGEiNgis that

the additives which areon part of the original data set can be predicted, reducing the number of
experiments needed to quantify the attribprtepertyconstituent relationships. Additionally,
insights into the molecular structures of the candidates and candidate mixturesotdairis.
Finally, the method shown here demonstrates that mapping design information from one
property domain to another is feasible, which is an important key to solvingsoalé chemical
product design problems.

In product designhie key to sacessfully designing a molecule thateets a set of
constraints is the ability tcadequately predict the molecular structures and properties.
Traditionally, GCM has been used to predict the physical properties of a molecule based on the
additive nature ofndividual group fragments. Unfortunately, the methodinsted by the
number of properties is able to predictFor properties not described BCM (i.e. not in Table
6.1), a relationship between r@GCM describedoroperties andsCM describedoropertesmust
be obtained(Eljack et al. 2007). Often the norfGCM describedproperties are consumer
attributes. Consumer attributes consist of a lispafduct characteristics the consumer finds
desirable or undesirable. The attributes are typically modedea #st of empirical and
theoretical equations of known and controllable physical propertiefRepresented
mathematically, there is aet of attributesA which are functions of physical propertied?

(Solvamnet al 2009)
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A= f(P) 8.9

The physical properties themselves canelxpressed as functions of thelremical signature.
These equations can be of the group contribution tyeeEq. 8.2) or empirically derived (i.e.
Eq. 8.3)(Joback and Reid 1987; Constantinou and Gani 1994; Marrero and Gani 20@d)

expressions are often highly nbnear(Solvasoret al.2009)
P=f(n,.n,) (8.2)
P=f(X) (8.3)

where the propertie® are functions of a set of chemical componen¥ The property
component relationship typically contributes the nonlinear partof an MINLP. As stated
earlier the solution to theMINLP is not guaranted to be the global optimun{Duvedi and
Achenie 1996) An elegant reparameterization of the MINLP is the reverse problem formulation
presented by Edest al. 004) and Eljacket al. (2005). In this work, the process ups
problem is separated from the molecular design problem. The reverse solution of the process
design problem generates the design targets for the molecular design problem. The molecular
design problem is solved in reverse to match the design targetsttie process design. The
method can be extended to the attribute problem such that the solution of Eqg. 8.1 determines the
property targets used in the reverse solution of Eq. 8.2 and Eq. 8.3. This approach is depicted in
Fig. 8.1.

For the special smations where the selection of the optimum candidate mixtures from a
known data set is deemed sufficient, the MINLP and reverse problem formulation are
unnecessary. In this case the attribdtesn be directly regressed in terms of the componénts

andthe component mixtures (Solvasetal.2009):
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A= f(X) (8.9

which is a special case of Eq. 3.5 with= Athat was discussed thoroughly in Chapter 7 and will

not be discussed further in this chapter.
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Figure 8.1: Description of th®everse Problem dfmulatedProduct Design with Property
Mapping to Group GntributionDescribed Poperties.

Since the objective of most molecular generation techniques is to develop a complete set
of candidates and candidate mixtures, the use of propeegiction techniques based on
molecular structure is preferred. In this approach a set of target properties is estimated from a set

of attributes subject to the following constrai8blvasoret al.2009)

A, = f(P,) where k2 j (8.5)
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As long as the number of attributessgreater than thaumberof properties,unique property

values can be calculated from the attribute data. Depending on the nature d&ttbestep

either a lineamprogram (LP)or nonlinear program(NLP) must be solved such that a set of
properties is estimated for each set of attribut&ghile a LP is preferred for its solution
efficiency, most attributes are nonlinear functions of plalsthemical properties.
Unfortunately, he use of a\LP introducesa potentialto reachnonglobal solutionsto the
candidate generation problenAn alternative method is to use inversgressionespecially m
situations where thettaibute-property elationship is unkown. The use ofegressiono develop

this relationship can reduce the complexity of the design problem at the expense of introducing
uncertaintyin to the solution This uncertainty is best quantified using analysis of variance
(ANOVA) and t is essential that limitations be placed on the design space such that only the
well correlated regions are investigateg®imilar to the attributdd a s ed fAmodel 06 f easi
(MFR) described in Chapter @pnfidence intervals othe estimatesf the attributesAM,- and

AM”, can be found usingio t e | [?test (Stne 2001, Ramirez 2009). The aMFR upper and

lower limit for thek™ attribute is shown in Eg. 8.6:

Yie © \/?é(l(n—un Fo u.a(X)gféenilgCSEk Xi(XK) X, (7.27)

c(n-u-a) ~¢h-u-
Where the responsé= A for cosumer attributesThe upper and lower limits estimated by this
procedure can then be used developan attributei model 0 f ea @MHR) byi ty r 8
combining Eq. 7.27 with the responses at the design points and then selecting the maximum and

minimum of the responses get Eq. 8.6:

AM; ¢ A ¢ AM/ (8.6)
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The aMFR is then created by inserting the bounds of Eq. 8.6 into EqABy candidates or

candidate mixtures found outsidesthegion are known to be invalid withinlax confidence.
Similarly, a property fimodel 6 feasibility reg
to the property responses (i¥e= P) of the design points in an experimental design, resulting in

Eq. 8.7. The pMFR upper and lower limit tbej™ property are as follows:

Pje ° \/% p,n- u- p( )0&7 C“)(;(XP()_lXe (87)

To determine the property target feasibility region (pFR), attribute targets set by the consumer

that define an attribute feasibility region (aFR) are transformed into property targets using an
inverse regression expression of Eq. 8.5 resulting in the following:
P=f(A (8.9

where theparameters of the fittetiodelarewritten as
= (AA) AP (8.9

Like the pMFR, the pFR confidence interval grows wider as the modetsrfarther away from

the mean of the predictor. However, since the pFR is developed from a regression model serving
a predictive role, new observations must include both the error associated with the model and
error associated with the new experimentadeyvation. This results inFR upper and dwer

limits for thej™ propertyas follows:

p, o |ghn-a-1 és° AA 8.1
ie \/éjn_m pnap()@i JJC@'+A\4(|)A\3) ( Q

A set of attribute targets specified by the consumer, as shown in Eq. 8.11, can then be converted
into a property domain by taking theimmum and maximum property values generated using

Eqg. 8.8 and 8.10.
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AcCA CA (8.11)

PjL ¢P ¢ PjU (4.16
The resulting property domain is only valid if taéributes and properties can be considered
unbiased, otherwise the NLRIMneed to be solved in the conventional manner (van Belle 2002).
The benefit ofeliminaing the need to solve the NLP is thaglabal optimum solutiorwill
always be obtained, subject to a givenction of the uncertainty in the regression expression
As before, the measure of model fitnes&isand the predicted fiQ? can be used to infer the
accuracy of the obtained models described by Eq. 888gaR? represents a well fit model and
a largeQ’ represents a greater likelihood that the candidatutions generated by the aCAMD
algorithm will be the true global candidate solutions (Solvasbml. 2009). Alternatively,
Eq.8.8 may be fit univariately, in which case the variance would not be pooled, angl each

property would have independeRf; and Q7 that could be combined using a geometric mean

square.
1
R=0(R)
»=0O R (8.12)
J
1
2 _ A (~2)P
=0(Q) (8.13)
I
Ot her model fitness measures t hat-Lawleydrac®/i | ks 0

Roybs Greatest Redtmto,impmteanodelditaess abdeprediction fithess and

can be found in Johnson and Wichern (2007).
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8.2. Attribute and Property Clustering Algorithms

Once the property responses to the experiments are conducted and the property targets
are calculatedproperty clusteringtechnique are employed to cluster the property data as
previously outlined in Chapter 6. These techniqu@msvertthe propery targetsinto conserved
surrogate clusters that are described by property operators, which have linegrroilesn even
if the operators themselves amenlinear (Edenet al., 2004; Shelleyand El-Halwagi, 2000.

Two model types can be used to design molecules in the property domain: mixture property
models and group contribution models. The choice ofgatgpnodel dictates the type of design
being conducted, a mixture property model results in a BDARhd a molecular property model
results in a CAMD. When the mixture property model is chosen, the pure component clusters
can either be (1) calculated usiting property expressions in Table 6.1 for each pure component
used in the design as shown in Chapter 6 or (2) by performing regression to develop the pure

component effects as shown in Chapter 7. The operators for option 1 are shown in Eq. 8.14.

W = b 8.1
ij _y;ef(Pj) ( . ‘9

The operators for option 2 are shown in Eq. 8.15.

W. _yJ(PJ)i

(8.15)

For option 1, the procedure for finding candidate mixtures is given in Section 6.2. For option 2,
the procedure is is similar to that presented in 8ecti.3, but with the nedimensionalized
property operators replacing the nadimensionalized attribute operators, and the FR being

replaced with a pFR which is calculated using Eq. 8.10.
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Both of these mixing design methods are limitedfinding candidges having the same
molecular architectureommonalitiesas the training segndthey require new experiments to
make informed predictions on potential additivelsich canresult in combinatorial explosion.

For example, suppose there is interest in figdd new refrigerant and the intention is to select

the optimum candidate or candidate mixture from a list of refrigerants. To solve this design
problem using mixture design, the properties must first be directly estimated from the component
fractions orobtained from a database. For the case study presented in Section 8.4, it is projected
that a comprehensive list would contain approximately 2050 possible candidate molecules
(Solvasonet al. 2009). An explicit model relating these candidates directljhéoproperties

would then require a minimum of 2050 experiments to quantify the 2050 parameters in the linear
mixture model unless a databagedecompositions used(Solvasoret al.2009) Alternatively,
suppose a deterministic, equation of state model like -Rehinson is used to evaluate the
thermodynamic properties of the refrigerants and lbivary interactiorparameters of the model

are readily available for all of the refrigerantg@&n 2007). Even in this ideal situation, the
relationship between the properties of each refrigerant and the product attributes will have to be
guantified through an experimental design. However, due to thdinegam nature of the
propertychemical costituent relationship, mixtures of constituents cannot be used to explicitly
reduce the attribute search space without sacrificing computational efficiency., dthas
minimum, a mixture design including all 2050 pure components plus additional pararoeters
estimating the nofinearity would be necessary unless the design search space was extensively
restricted. Since neither of these two results is acceptable, it is preferred to use models based on

group theory.



In the goup contribution methods (GCM), the property function of a compound is
estimated as the summation of property contributions of all the molecular groups present in the
molecular structuréAmbrose, 1978, 1980; Joback & Reid, 1983):

1'Order 2 Order 39 Order
—= —

PM = a- ngl Pgl + Wsé ngz sz +V\L|-a ng3 Pgs (413
93

9 92

whereP is a function of propertgroup contributionpropertiesPy;, Py, andPgys of the T, 2

and 3 order groups g1, &, and gs which occursng; , Nge, andngs times (Eljack et al 2007,
Solvasonet al 2009; Chemmangattuvalapgt al. 2010) In Chapter 6 it was showhat the
definition of the property moded in GCM was similar to the property operatorsed in the
clustering framework for thelorder group contrition. Theestimateof the j normalized
property operator based on first order groupsshown in Eg. 6.37Eljack et al. 2007,
Chemmangattuvalappét al.2009)

Wy = & g, 637

g=1

where,q g1 is the normalized property operator of first order gr@ip, The resulting molecular

cluster is then written as Eq. 6.38:

=
é- nig1 (y\l'l\/lgl
Cil =92 6.38

where the molecular AUP of molecules written as Eq. 86:

F
AUR" = § n  AURY (8.16

g1
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The accuracy of this approach can be improved by including second order groupsgrobpse

can be incorporated into the cluster space by taking advantage of their linear additivénrules.
addition, since econd orér groups have first order groups as building blpthken it follows

that second order groups can tensidered as combinations of different first order groups
(Constantinou and Gani 2001). Thus, the number and type of second order groups can be

directly estimated from the number and type of first order groups, subject to the following rules:
Rule 11. Second order groups have first ordesugps as their building blocks.

Rule 12. A second order group is formed only if it haisa minimum all of thdirst order
groups in tle required number. For instance, to form the second order group

CH(CH3)CH(CHg), there must be tweCH- and two (CH) groups.

Rule 13. One first order group can be a part of more than one second order gifoup
however,one second order group is completely ovegréap by another second
order group, only the contribution from larger grasigonsideredThis isbecause
the interaction defined by the smaller group will be takéo accountby the
largergroup. for example if NH;CHOH and CHOH groupare presentonly the

contribution from NH3CHOH groupis considered for property estimation.

Thenig; number ofg, second order groups in moleculean be estimated using Eq. 8.17.

& an_, n_o0
n,, = IntéMin&-%% : = 0 (8.17)
? ée @igl hiF %

wherenigi:nie arethe rumber of eacly; first ordergroupfound in molecule and nir anddjg::
dir is the total number of occurences of egghn g, in moleculei. As Rule 12 suggeststhe

minimum of these ratios will result ithe actual number of second order goypesent in the



molecule (Solvasoet al. 2009, Chemmangattuvalapmt al. 2010). nig is thenrounded down
to the nearest integer number because the number of second order groups cannot be a fractional
number. The normalized property operator for the second order property contribatiens

then written as

G
iz = a nigzva (8.19

ig2
g2=1

whereq g2 is the property contribution from the second order gro&os 8.18can predict the
property contribution from second order groups in most moleagdetemonstrated by Cases A

and B in Fig. 8.2
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groups

B. 2ndorder groups nobverlapping any
other 2" order groups

o¥e
B
©®

. 2ndorder groups partially overlapping
each other

(%)
(8)

. A 2 order group completely
overlapping another ' order group

0.0

Figure 8.2: Different fuationsRelated to Overlapping of Secofder Goups (Marrero and
Gani 2001).

In rare occasionsne or moref the second order groupsll partially overlap one another (e.g.
Case C) and/or completely overlap one smalksrondorder group (e.g. Case D) (Marrero and
Gani 2001). Two methods exist for estimtating Case C. The first method method finds the
maximum number of neoverlapped second order groups that describe the molecule, and drops

the remainder. This method is dissed in more detail in Chapter 9 for IR/NIR groups.
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Although valid, it has been shown that using the contributions from all groups gives better
accuracy, since they generally provide dissimilar information about the molecular structure
(Marrero and Ganz001). When one molecular group completely overlaps another (i.e. Case D),
Rule 13 states that the contribution of the largest group must be chosen and the contribution from
the smaller group must be removed. However, it is important not to removeotipeantirely

from the molecule as it may appear in other locations outside of the completely overlapped
group Algebraically, this can be accomplished by removing the group from the &eincEq.

8.18 and then adding back only the unoverlapped numbisabfroup using Eq. 8.19 and Eq.

8.20:
. e an 9 an, &
Mig2 = IntéMinge sz ; e Q- Minge2~ ;n'_Fgu 819
é E:?]gzvz h926+ é%igl hiF_:g

where ny2:nic  is the number of each dissimilag second order group in moleculeand
Ng2vzNg2c IS the number of each dissimilag second order group completely overlapped by
second order groug, (Chemmangattuvalappét al. 2009) If the smallersecond order group

only appears in theverlappedyroup,the two terms irthe right hand sidef Eq. 8.19will cancel

out. Otherwise, Eqg. 8.19 estimates the number of occurences lofgeaagp remaining in the
molecule which are not completely overlappetﬂ.q*,-gz is the contribution from the smaller
overlapped second order groups, then the normalized property operator for the property
contributions from smaller second order grOUﬂ_S*ijZ can be calculated athe following

(Solvasoret al.2009, Chemmangattulegpil et al.2010):

Gy
\Mjﬂz* =a ningjf;z (820

g2=1
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where g:Gy are the set of nenverlapped second order groups amdGo are the set of

overlapped second order groups.
G=G, +G, (8.21)

Eq. 8.18 is then written as the following:

Vvi'jv'2 =a ningV?gz (8.2)

g2=1
The normalized property operator for molecutan now be estimated éSdvasonet al. 2009;

Chemmangattuvalappét al. 2010)
W =WE + W + W (8.23

Thus, given a set of molecular groups, candidate chemical structures can be estimated from first
order group contributions, second order group contributions containueylaps, and
contributions from nowoverlapped occurences of second order group contributions overlapped
by larger second order overlaps. Clustering the-diorensionalized property operators of Eq.

8.23 using Eq. 6.5 and 6.6 results in the clusters slmw&q. 8.248.26.

M _ ij1

Cl=———- 8.2

ij1 /\LJF?;A ( Zb
W

M _ ij2
in = 8.2
ij2 /\LJF?? ( E»
M* _ ij2
My W2 8.2
ij2 /\LJF?? ( E»

In order to combine Eq. 8.28.26 with Eq. 8.23, thUP" of each type of group contribution

must be corrected to the overall molec&aP" using the following correction factors:
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_ AUR/’

CF;

= 8.2
AUR" (8.27)
AUPR,”

CF, = 2 8.2
2i AURM ( &
. AURY

CF, =—2 8.2
2i AURM ( 9

Thus the cluster of the molecule is found to be the following:

C)" =CF, (@@;] +CF, @, +CF, @} (8.30)
As with previais cluster algorithms, a system of three properties can be plotted on a ternary
diagram. An overview of the attribute based computer aided moleclular design (aCAMD)

conversion algorithm is presented in Fig. 8The procedure for converting attributepperty,

and group data into nesimensional property operators and property clusters for later use in a

candidate generation algorithm is presented in Table 8.1.
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Initialize aCAMD
Cluster Conversion
Algorithm

Estimate Attribute
Property Models

Convert Attribute
Experimental Data
& Constraints to
Property Data &
Constraints

LinearizeProperty
Models for
Chemical
Constituents

Set Property
Reference Values

Calculate the
Molecular Group &
Experimental Data
Property Operators

Convert LL and UL
Property
Constraints to
Property Operators

Calculate the AUP
of all Property
Operators

Calculate the
Molecular Group
Clusters

Calculate the
Experimental Data
Clusters

Calculate Target
Attribute Cluster
Sink

Calculate Model
Feasibility Cluster
Sink

AreAll

Cluster

Values
Positive?

Run Reference
Optimization
Algorithm

Fig. 8.3: The Attribute Based athputer Aided Molecular Design (aCAMD) Conversion

Algorithm.

Table 8.1: The aCAMD Cluster Conversiomé&edure

aCAMDConversion
Algorithm
YES

Convert Clusters to
Cartesian
Coordinates & Plot

Output All
Clusterand
Property
Operator Valueg

Step Description Equation
1 Select AttributeProperty Model 8.8
5 Fit Model to Experiment Design Point Responses to Determine M 8.9
Parameters '
3 Calculate the Variance, Covariance, and Confident\als of the 8.10
Attribute-Property Model '
4 Calculate the UL and LL of the Property Feasibility Region (pFF 6.14, 8.10
5 Guess Property Operator Reference Values and Calculate| 6.4, 8.4,
Nondimensional Property Operators of Experimental Respons| 8.14, 8.15
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6 Calculate the AUP of the Experimental Response Property Oper 6.16

7 Calculate the Nondimensional Property Operators of the pFR 6.14, 6.15

8 Calculate the AUP range of the pFR 6.16
Cacluate the Nondimensionaf and 2¢ Order Molecuar Group

9 Property Operators Found in the Chemical Constituent Training 6.15
10 Calculate the AUP of the Molecular Group Property Operators 6.16
; S d
11 Calculate the Maximum No4and 2 Order Molecular Groups tha 6.43, 6.48
meet Step 7
12 Calculatethe F'and 2° Order Molecular Group Clusters, 6.17
Experimental Response Clusters, and Cluster Domain of the p '
13 Calculate the Variance, Covariance, and Confidence Intervals o 8.7

Linearized Property Component Property Model

14 Calculate théJL and LL of the Property Model Feasibility Region  6.14, 8.7

15 Calculate the Nondimensional Property Operators of the pMF| 6.14, 6.15
16 Calculate the AUP range of the pMFR 6.16
17 Calculate the Cluster Domain of the pMFR 6.17
18 Run Reference Optirsation Algorithm for NorPositive AUPs 6.86.12
19 Convert all Clusters to Cartesian Coordinates and Plot 6.236.26

A list of first and second order group contributions for the properties outlined in Table 6.1 can be
found in Marrero and Gani (2001). dve detail on the clustering of'2order and higher
expressions is provided iBection8.3. In addition, Chemmangattuvalapptl al. (2010) has
developed third order molecular property operators for larger, more complex chemical
constituents including tse that are polycyclic (Marrero and Gani, 2001). After all of the
molecular group property contributions have been obtained and converted to clusters, they can be

used to solve a CAMD in the cluster domain. However, as was shown in Section 4.4 amd Secti
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6.3, the structure of molecular property operators dictates that the CAMD occurs in the property

operator domain. The details of the CAMD are discussed in Section 8.3.

8.3. aCAMD using Experimental Data and GCM Models

Like the aCAMD approach in Chapte7, the cluster conversion algorithm for the
aCAMD contains two feasibility regions. For
feasibility region (pMFR) and the Atargeto fe
candidate, either a purermponent or a mixture of components must fall within both regions and
meet bothAUP values simultaneously. Hence, this structure of the aCAMD asverse
problem formulation (RF) creates an opportunity to explore multiple levels of molecular
architectue (e.g. group changes and pure component changes) without commtting to peoducts
priori, an observation that is explored more thoroughly in Chapter 9.

The procedure for finding candidate mixtures has already been discussed in Chapter 6 for
known properg models and in Chapter 7 for empirically derived property models. The method
of finding candidate molecules is dependent upon the estimation of the molatiFaand
molecular clusters. For first order groups, Eq. 6.83340 dictate that the combinati of groups
will obey linear mixing and lever arm analysis on a ternary cluster diagram (see Fig. 6.9). The
addition of second order groups to this construct introducedimearity to the solution since
second order gr oups pproxonatiors bytaccouhting far groti@grodpe r g r o
binary interactions. The ndmearity of binary interactions prevent the use of leasgn analysis
in the clustering domain, although recent progress discussed in Chapter 10 suggests that with
alteration, itmay be achievable. For this situation, it has been shown by Chemmangattuvalappil
et al. (2008) that a solution can be reached by utilizing property operators directly in an algebraic

approach similar to that suggested in Section 4.4.
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The general aCAMDstatement is to enerate the structures of all possilif® 6
molecules that can be built froga groups withp target properties. There will be one upper and

one lower bound on each property estimated through the process desigmp
P- ¢PM ¢ PY jil p;ii u (8.29)
Wherei is the index of molecules ands the index of propertiesThis equation can be written

in terms of normalized property operators as follows
W e WM ¢ W (829

Here,qijM is thep normalizedj property operator of moleculie The target propert;qij'\" is
described bywo inequality expressionsne for the lower bound armhefor the upper bound

(Qin et al, 2004), resulting ir2p inequality expressions to representtalk possible solutions
(Edenet al.2004; Chemmangattuvalapgeil al. 2009; Solvasomt al. 2009) This target property

sink aea is the made up of the intersection of the pFR and pMFR. Although it is possible to
combine these regions into a pseudo target region by taking the minimum of the upper bounds
and the maximum of the lower bounds, it is not preferred because of thed aflJAMD is both
screening and optimization. Confounding the pFR and pMFR rejection criteria prevents the
researcher from discerning which set of models the-camwlidate solution failed and, by
extension, why the necandidate solution failed. For expha, the reason a narandidate
solution fails the pFR domain check may only be because of a poorly fitted experimental model
in its domain which could be solved by conducting validation experiments for a better fit.
However, a violation of the pMFR donmaiis more severe and suggests the underlying molecular
architecture is either poor or poorly fit, the latter of which is highly unlikely. In summary, the
preferred approach to generating solutions that meet both the pFR and pMFR is to first check

them aginst the pFR and then validate them using the pMFR, as was the case fBDCAM
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In order to determine which potential candidate structures to test, the reverse problem
formulation (RPF) is initiated using a similapproach suggested fBection6.3. Fisst the
number of the set aj; F first order goupsfoundin the molecular desigare calculated using

Eq. 6.43andplaced inEq. 6.48.

0 éeupU 0
Ny ¢ Inta%up .8 (6.43
G 9 -
1¢n, ¢ny (6.48)

Then the number of the set gf G second order groupgeacalculated from the firstrder

groups using Eqg. 8.1and Eq. 8.19.

a an_. n. o0
= ingeeL - i 00
N2 Intéag;\/llngg£7igl % (8.17)
R é . 5 n. n. 6 . éni n. &
My, = INteMing2 52 ; e 0. M.naeil;igj (819
é é;ak;zv2 hng = @igl iF —g

Once the sets are calated,the property contributionare obtained from literature sources e.g.
Marerro and Gani (2001), Constantinou and Gar®4).9etc.

Once the maximum number of dissimilar grougs® is set, the design is executed,
beginning with a minimum combination of dissimilar groups and then increasing sequentially
unt il the maxi mum i s r eachagdl), the pusergroipproperty gr ou
contributions are estimated froEq 6.37 for eacl; group type since pure groups have no binary
interactions and, by extension, no second order groups. These clusters are then tested against the
points making up the feasibility boundcg of a
6. 17) that me et Rule 1 for the pFR are then

clusters that meet Rule 1 for both the pFR and pMFR are then tested against Rule 2 in the same
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order using Eq. 8.16. All necandidate mixtures are discadde The remaining A
mixtures are then tested against Rule 3, 4, and 6 andamchndidate solutions are discarded.

Since it has been shown by Marrero and Gani (2001}hkagroup contribution method&CM)

may not predicproperties accuraly for openchain polyfunctional compounds with more than

four carbon atoms in the mainchgin a new rul e is created and th

are tested against it.

Rule 14. The number ofdenticalfunctional groupsn the backbonef a molecule is to be

limited to a maximum of four.

If ng1 geare the number of first order groups in the backbone, then Rule 14 can be written as Eq.

8.33:
A Nges ¢3 (8.33)

Pure group molecules that fail Rule 14 are discarded. The remaining groups are denoted as
Apure groupo candidate mol ecul es.

For binary and larger mixtures (i.e3 %2 ) of dissimilar types of groups (i.e; | @)
with no ring compounds (i.&rc= 0) , the aCAMD differs from the procedure for CAMD with
clusters. Since dissimilar groups are capable of forming second order groups which have
negative property opators that can increase the number of groups used in the design beyond the
result of Eq. 6.43, it can no longer be used as a valid bound on the design. Furthermore, an
explicit set of equations to determine the maximum number of a specific first ordertgrtake
the place of Eq. 6.43 has not yet been developed. As a result, the aCAMD method for dissimilar
groups defaults to a forward based approach where all combinations of dissimilar groups are

generated and subsequently removed by testing againisotinels of the design. For this case
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the maximum number of each group is set by the researcher, using Eq. 6.43 as a guide but not a
hard bound.

Beginning with structural stability, each potential candidate solution is first tested for
structural stabily using Rule 4 and Rules 4146. Solutions that fail any of these rules are
discarded. Of the remaining structurally sound molecules, those solutions that fail the non
dimensional property operator bounds of the pFR are discarded, followed by thosel tinat f
pPMFR. Alternatively these could be combined into a single region described by Eg. 8.29 and
tested as discussea@rlier. Those solutions that remain are outputted as candidate solutions to
the design problem.

The same methodology can be follavi® identify cyclic(i.e Nrg= 1) compounds as
well with a few additional constraints. The group contribution method has questionable range of
accuracy for compounds containing more than one ring even with the inclusion of second order
groups(Marrero and Gani 2001; Chenamgattuvalappiet al. 2009; Solvasoret al. 2009) So
the number of rings in the compound must be restricted to one. The decision on the groups to be
part of the ring must be made ahead of design. This is to account for the difference in the
property catributions of the same group to cyclic and acyclic compouisfirst order acyclic

groups should be found in the ring structures.

Rule 15. Ring structures within a potential candidate molecule should consist of only first

order cyclic groups.

Furthermore, the umber of cyclic groups in a ring structure is also limited. “Oraup
structures are infeasible and thwgreup structures are often thermodynamically unstable and
should be avoided. Therefore a new Rule 16 is created to check that stability of suitable

candidate structures.
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Rule 16. The minimum number of functional groupsm a ring structure of a molecule

three.

If ng1,rcare the number of groups in a ring, then Rule 15 can be represented using Eq. 8.34:
a Nyire 2 3 (8.34)

Ring compounds that faRule 15 and 16 are discarded. Those that meet Rule 15 and 16 as well
as Rule 14 are denoted candidate solutions.

In conclusion, this approach represents a significant reduction in the complexity of an
aCAMD. For example, the theoretical 2050+ paramsetéthe earlier aCARD design problem
can be reduced to only 20 parameters in an aCAMD, a 100:1 reduction. This reduction in
complexity may also improve the accuracy of the design by: (1) using the additional degrees of
freedom in the design to minimizéhe error and (2) ensuring each enumerated candidate
molecular structure posesses the desired values for the consumer attribute. The only caveat is
that accuracy of the aCAMD is predicated on the quality of two madelsthe attribute
property relatioship and the properolecular architecture relationshipvhereas the CARD
utilizes a single model. Combining the predictecqﬁ of the two models using Eq. 3.26, and

combining them using Eq. 8.35:

1
M M

2 =0 (@) (8.%)
z=1
whereZ" is the totalnumber of models used in the design, and the model identifier. Values
of Eq. 8.35 that are close to 1.0 would indicate a completely validated molecular design
containing only global optimum candidateghereasvalues less than 1.0 suggests that esom

error may exist and that the data set may containgharal optimum candidate solutions. In

general, a larger value of ti@\° measure indicates a better chance that the estimated global
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optimum candidate set is the true global optimum candidatelsafituations wher@,,? is of
guestionable accuracy, a second validation check can be executed by directly calculating the
attributes for the candidate molecules and checking them against the bounds of the design given
in Eq. 8.11. The calculation of éhcandidate attributes is achieved by solving the attrbute
property model with a NLP solver of the inverse regression problem or a direction calculation
from the normal regression problem. Each additive attribute can then be plotted to verify that the
sdution meets the specified consumer attributes.

Since the structure of the proposed method does not automatically require the solution of
an NLP, it can be certain that the potential additives will always be at the estimate of the global
optimum. The sa&e cannot be said for the solution of most MINLP algorithms. Although the
MINLP will always provide a solution, it may only be a local optimum. There is no way of
knowing if the local optimum is close to the global optimum without using more rigorous and
computationally expensive solution strategies like disjunctive programming. Using the method
outlined in this chapter provides not only estimates of the global optimum, but also provides a
means by which to determine how well the estimated global optimatohes the true global
optimum, all while being computationally inexpensive.

The proceduredetermining finding the property targets from a set of consumer attributes
and solving for candidate mixtures and molecules that meet the design targets is sedhmari

Table 8.3. and Fig. 84Fig. 8.6.

Table 8.3: Théttribute Based ©@mputerAided MolecularDesign (aCAMD)Method.

Step Description Equation

1 Set Maximum Dissimilar Groups in the Mixture -
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6.37, 6.16,

2 Calculate Pure Group Solution Clusters 6.20
3 Discard Pure Group Clusters (from aCAMD Conversion Algorith| 8.28, 8.10,
that Fail Rule 1 for the pFR 8.15
4 Discard Pure Group Clusters (from aCAMD Conversion Algorith; 8.28, 8.7,
that Fail Rule 6 for the pMFR 8.15
5 Calculate No. Pure Groups 6.47, 6.48
6 Calculate Pure Group Solution AUPs, Discard Pure Group Solut 8.28, 8.10,
that Fail Rule 2 and Rule 3 for the pFR 6.16, 6.47
" Discard Pure Group Solutions that Fail Rule 7 and Rule 8 for tl  8.28, 8.7,
PMFR 6.16, 6.42
8 Discard Pure Groufolutions that Fail Rule 4 and Output Candid4 6.41
Solutions '
9 Repeat Steps-2 for Ring Structures and Output Candidate Soluti -
10 For Binary+ Solutions, Generate All Group Combinations Giver 6.46. 6.48
Maximum Number of Each®1Order Group AR
11 Discard Binary+ Solutions that Fail Rule 4 6.41
12 Discard Binary+ Solutions that Fail Rule 14 8.33
13 Calculate the No."™ Order Groups 8.17, 8.19
14 Calculate the Property Operator Responses for the Candidat 8.23, 8.22,
Solutions 8.20, 8.15
15 Discard Binary+ Solutions that Fall Outside the pFR 8.28, 8.10
16 Discard Binary+ that Fall Outglde the pMFR, Output Candidat 8.28, 8.7
Solutions
17 Repeat Steps 104 for Ring Structures -
18 Discard Binary+ Solutions that Fail Rule 15 -
19 Discard Binay+ Solutions that Fail Rule 16 8.34
20 Discard Binary+ Solutions that Fall Outside the pFR 8.28, 8.10
Discard Binary+ Solutions that Fall Outside the pMFR, Ouput
21 . . 8.28, 8.7
Candidate Solutions
22 Repeat Steps 121 until 77*is reached -
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8.4. Case Study: Environmentally Friendly Refrigerant Design

Since the 1930s htorofluorocarbon (CFC) based refrigerants, such as
dichlorofluoromethane (R2), have found usein home refrigerators, aerosol cans, fire
extinguishers, and automotive air conditioners primarily due to theutooo, nonflammable
nature and their high evall thermodynamic efficiency (Het al, 2005) Unfortunately, R1L2
has been found to damage the ozone layer, increase greenhouse effects, damage telluric
environments, and affect human heghaoet al, 2004) Beginning in 198 with the Montreal
Protocd on substances that deplete the ozone layer, CFQardchlorofluorocarbon (HCFC)
refrigerants were phased out and replaced with more ozone friendly hpdoofitbon (HFC)
refrigerants such as 1,1,it@rafluoroethane (R34a). Although R-134a has ben easily
adapted to fit existing refrigeration cyclas exhibits a high global warming potentiab\{\VP
leading to a moderately high potential environmental imga€t)( In 1997 the Kyoto Protocol
on reducing greenhousgmses identified R34a as coniouting to global warming (Zhaet al.,
2004). Thus, the use of R34a is only a temporary solution to the search for environmentally
friendly refrigerants capable of meeting the thermodynamic needs of refrigerant systems.

The design of these environnelty friendly replacement refrigerants has primarily
proceeded down one of two paths: eitiméxing existing refrigerantexperimentally (Akasakat
al., 2007; Coqueleet al, 2006; Eljacket al, 2005; Kondoet al, 2006; Zhacet al, 2004) or
computatonally (Saleh and Wendland, 2006; Caletoal, 1998; Duvedi and Achenie, 1997;
Molnarneet al, 2005; Mulleret al, 1996; Rachidet al, 1997; Sahindigt al, 2003; Schroder
and Molnarne, 2005; Young and Cabezas, 1999%ing the experimental methoHie et al.
(2005) have determined thatsing a 85/15 wt% ofdifluoroethane R-1523 and

pentafluoroethaneR{125 is a potentialsubstitutefor dichlorofluoroethaneR-12) in a typical
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home refrigerator. Others such as Kondet al. (2006) have focused ommproving the
flammability issues associated with using propane29R). Although trese traditional
experimental technigseoffer valuable information to the design of refrigerant mixturess it
time-consuming and expensive to test all possible candidatse of a mixed integer ndimear
program (MINLP) to elucidate aomputeraided molecular design (CAMD9ffers a unique
approach to the candidate enumeration problem. As shown by Duvedi and Achenie (1997), the
MINLP is limited to local optima solutiamwhen the property prediction methods are-inoear.

In both the experimental and MINLP techniques there is no guardretegobal optimum exists
among the list of candidate molecules. Recently, Sahetds (2003)utilized a branckand
boundglobd optimization algorithm in a typical MINLP as a method to enumerate all feasible
candidate moleculesWhile a significant contribution to the improvement of the MINLRE t
method still relies on sesral intensive algorithms, which are computationally esgive.
Furthermore, it offers no additional insights to solution of the problem such as the relative
impacts of each of the candidate molecules and molecular groups, their similarities, and their
interactions.

In addition, in product design, consunpeeference drives the value of a product. If the
consumer does not prefer the product to similarly priced products, then the product is not
selected. To measure the consumer preference, a set of consumer atdibneesefined.

Often, the relationshipetween the underlying properties and the consumer attribute is not
explicitly known. In these situations, design of experiments is employed to find approximate
empirical relationships between the attributes and either the chemical constituents or the
underlying properties. For refrigeration systems the attributes important to the consumer are the

Energy Index El), the Compressor Displacement Ind&D(), the Miscibility Index MI), and



the Potential Environmental Impa®Kl). TheEl is a measure ohe thermodynamic efficiency
of the refrigerant in an ideal refrigeration loop with a condenser temperature of 300K and an
evaporator temperature of 233K. T@BI is measure of the compressor displacement. Mihe
is a measure of the compatibility of thestgned refrigerant with the existing equipment. The
PEIl is the potential environmental impact of the designed refrigerant or refrigerant mixture as
calculated by the WAR algorithm (Young and Cabezas 2000). PHig@s an estimated value
consisting of weaghted measures of the toxicology, ozone depletion poter@BP), global
warming impact GWP), and many other factors important to health and the environment. All
PEI values estimated were done using the default weighting factors provided by WAR GUI
Verson 1.0.14 (Young and Cabezas 2000).

As noted earlier, R34a is an excellent thermodynamic refrigerant, buPE$ value is
too high because of a higsWP. In this case study it is desired to find a suitable refrigerant with
a low PEI number to replee R134a. In addition, the customer already has access to-eolstw
source of diflouromethane {82) and wishes to find an additive that can be added to it so that
the combined mixture can replacelB4a. Based on commercially available refrigerants an
proprietary knowledge, the customer has recommended using one of the 7 refrigerants listed in

Table 8.4 as the additive, although the use of other additives remains possible.

Table 8.4: List of Potential Refrigerant Additives

ASHRAE # Name CAS #
R-152a 1,17 Diflouroethane 75-37-6
R-290 Propane 74-98-6
R-600 Butane 106-97-8
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R-125 Pentafluroethane 354-33-6

R-143 1,1,2Trifluoroethane 430-66-0
R-22 Chlorodifluoromethane 75-45-6
R-600a Isobutane 106-97-8

A set of acceptabl&l, CDI, MI, and PEI values have also been developed that are

deemed by the customer as suitable for a-thiapplacement of H34a. They are as follows:

40¢ El ¢ 55 (8.3)
24¢ CDI ¢ 28 (8.37)
1.8¢ Ml ¢ 2.2 (8.3)

Since thePEl cannot be estintad by theGCM, it will be used as an additional screening tool for
the pure component and candidate mixtures found to meet the other attribute targets such that the
candidate solution with the smalleBEI is chosen as the output of the aCAMD. Thus, the
overall objective of this case study is tengrate the structures of all possibléditive and
additive mixturesthat canbe built fromNg;gr oups found i n the custon
when combined with 82, can be utilized as a replacement fet3a

Two methods exist in which these candidate pure components and mixtures can be
ascertained. The first method is to conduct a mixture design of experiment (MDOE) and fit the
attribute response data in terms of chemical contributions directly usipgatedure outlined in
Chapter 7. For this method, the additives listed in Table 8.4 are combined with the refrigerants
R-12, R134a, and B2 and a ebptimal MDOE is conducted. Using thecommendationkom
Custom Designer JMP 7.0.21 design points ofarious mixture fractions of the 10 components

were developed as shown in Table 8.5.
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Table 8.5: The MDOE for thRefrigerant Replacement&SeStudy.

Mass Fractions

R R-32 R-152a R-290 R-600 R-125 R-134a R-143 R-12 R-22 R-600a
1 0.00 0.00 0.00 0.00 0.01 0.99 0.00 0.00 0.00 0.00
2 0.10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.90 0.00
3 0.00 0.05 0.04 0.00 0.91 0.00 0.00 0.00 0.00 0.00
4 0.00 0.00 0.98 0.00 0.00 0.00 0.00 0.00 0.02 0.00
5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.00
6 0.00 0.00 0.00 0.00 0.89 0.00 0.11 0.00 0.00 0.00
7 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.90 0.10 0.00
8 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
9 0.00 0.00 0.00 0.99 0.00 0.00 0.00 0.01 0.00 0.00
10 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00 0.00
11 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00
12 0.00 0.00 0.90 0.00 0.00 0.09 0.00 0.01 0.00 0.00
13 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00
14 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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15 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00
16 0.00 0.07 0.61 0.00 0.00 0.00 0.32 0.00 0.00 0.00
17 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
18 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00
19 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.00
20 0.77 0.00 0.00 0.00 0.00 0.23 0.00 0.00 0.00 0.00
21 0.00 0.00 0.00 0.00 0.00 0.85 0.12 0.02 0.01 0.00
22 0.00 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00
23 0.00 0.00 0.00 0.10 0.00 0.90 0.00 0.00 0.00 0.00
24 0.36 0.00 0.64 0.00 0.00 0.00 0.00 0.00 0.00 0.00
25 0.00 0.00 0.00 0.02 0.00 0.00 0.98 0.00 0.00 0.00
26 0.90 0.00 0.00 0.00 0.00 0.00 0.00 0.10 0.00 0.00
27 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00
28 0.00 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00
29 0.00 0.87 0.00 0.00 0.00 0.13 0.00 0.00 0.00 0.00
30 0.10 0.00 0.00 0.00 0.90 0.00 0.00 0.00 0.00 0.00
31 0.07 0.00 0.00 0.00 0.00 0.00 0.93 0.00 0.00 0.00
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The associated attribute responses of the 31 mixture fractions provided llyetretical

customer are given in Table 8.6.

Table 8.6: Théttribute Responses to threfrigerantReplacement MDOE.

Attribute Responses
Run El CDI M PEI
(Measured) (Measured) (Measured) (Calculated)
1 51.7 26.4 1.99 0.79
2 58.9 31.4 1.76 1.34
3 56.5 23.9 1.69 1.05
4 100.0 26.3 3.65 0.87
5 55.9 30.9 1.73 1.49
6 54.4 23.6 1.58 1.13
7 37.5 26.3 1.57 2.63
8 71.1 28.8 2.82 0.05
9 66.0 24.0 4.27 1.28
10 67.6 24.6 2.05 1.24
11 69.1 23.0 4.10 1.47
12 95.9 26.2 3.54 0.86
13 69.1 23.0 4.10 1.47
14 90.1 36.0 1.96 0.00
15 35.7 25.7 1.55 2.75
16 89.5 25.9 3.13 0.92
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17 71.1 28.7 2.82 0.05
18 69.1 23.0 4.10 1.47
19 55.9 30.9 1.73 1.49
20 80.0 33.9 1.98 0.18
21 52.8 26.2 1.99 0.89
22 66.2 24.0 4.29 1.27
23 53.7 26.2 2.20 0.83
24 97.3 29.8 2.93 0.54
25 67.5 24.6 2.09 1.24
26 83.1 35.0 1.94 0.28
27 35.7 25.7 1.55 2.75
28 66.2 24.0 4.30 1.27
29 68.9 28.5 2.72 0.14
30 57.0 24.8 1.59 1.00
31 69.2 254 2.04 1.16

These responses, targets, and fitted models were thewimesionalized using reference
property operators of 10 fdgl, 3 for CDI, and 0.2 forMI and clustered using the procedure

outlined in Chapter 7, resulting in Fig. 8.7.
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Figure8.7: The Attribute ClusterDiagramfor Refrigerant Replacement Casei .

As shown, only RL34a meets the target attributes. No other single component meets th
necessary target attributes, a result common in refrigeration sygfdmas et al 2008). In
addition, although some of the designed mixtures fall within the target feasibility region, no
tested mixture satisfied Rules3lsimultaneously. It is also @e that no new mixtures of the
candidates suggested by the customer wiB2Ruvill satisfy the target region when using lever
arm analysis, unless that candidate is also mixed wilB4a. This option was deemed
unacceptable since the customer desirddllpreplace R134a and, as a result no mixture of the

components given by the customer will produce a solution to this design problem.
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Rather than attempt to augment the mixture design with additional chemical constituents,
new molecular structures veedesigned from the underlying molecular architecture present in
the designusing the aCAMD approach discussed earlier in this chapter. In this approach the
attribute data is mapped to a property domain where group contribution models can be used to
buldnew mol ecules not present in the original
groups. The attribute relationship described by Eq. 8.5 must be defined such that the number of
attributes is equal or greater than number properties used ieslgnde.ga = 3 mean x3).

Thereis reason to believe th&l, CDI, andMI are functions of the following properties: critical
temperaturd,, critical pressur®., and the latent heat of vaporization at standard conditigns
All of these properties can be described®¢M. Furthermore it has been found tHatis
proportional toT. P, andH,, CDI to T, andP.;, andMI to T, P., andH,. The simplest model

that can be built from these intuitive relationships is that of first order polynomials as shown in

Eq. 8.39 8.41
El=b,+b,+b,& +b,MN, (8.39)
CDI=pb,+b0, +b,P (8.40)
M =b,+b,Qa, +b, P +b,H, (8.41)

To determine the regressors in these relationships, property data for each of the design point
mixtures was provided by the customer as shown in Table 8.7. Phaserties could also be

determined using equaticu$-state and group contribution property estimations.



Table 8.7: The Calculated Property Responses to the Refrigeraptédgement MDOE (Marrero
and Gani 2001).

Properties
Run T P Hy
(K) (bar) (kJ/mol)
1 373.8 40.5 18.1
2 367.5 50.7 15.6
3 342.9 36.7 13.5
4 369.8 42.7 14.6
5 369.3 49.9 15.8
6 340.2 36.2 13.2
7 383.4 42.2 16.6
8 386.4 45.2 18.4
9 425.1 38.0 20.8
10 346.8 38.3 13.5
11 408.2 36.5 19.1
12 370.3 42.3 14.9
13 408.2 36.5 19.1
14 351.4 57.9 14.2
15 385.0 41.3 16.7
16 363.7 41.4 14.5
17 386.4 45.2 18.4
18 408.2 36.5 19.1
19 369.3 49.9 15.8
20 356.6 53.9 15.1
21 371.2 40.4 17.6
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22 425.3 38.0 20.8
23 379.4 40.3 18.5
24 363.1 48.1 14.4
25 348.3 38.3 13.6
26 354.8 56.3 14.4
27 385.0 41.3 16.7
28 425.4 38.0 20.8
29 384.9 44.6 18.4
30 340.6 38.2 13.2
31 347.1 39.6 13.5

The regressors found to fit the above equations were estimated using the statistical package JMP

7.0.2 and are listed in Table 8.8.

Table8.8 The Regressors fothe RefrigerantAttribute Models

Informative All Data Points (n = 31) Excluding high R12 f = 28)
Statistics El CDI MI El CDI MI
bo -116.3887 5.1674 -12.7938 | -209.2422 5.0184 -16.8315
b 0.6467 -0.0070 0.0551 1.0933 -0.0064 0.0745
b 1.4505 0.5726 -0.0085 1.4181 0.5720 -0.0100
b3 -7.3196 - -0.2985 -11.5491 - -0.4825
R 0.3015 0.9902 0.5989 0.5611 0.9915 0.8723
Q? 0.1615 0.9891 0.5246 0.4434 0.9908 0.8379
Read 0.2239 0.9895 0.5543 0.5062 0.9908 0.8564

When performing the regressi, it is apparent that a poor fit f&i is achieved with an

R® value of 0.3015, due primarily to the experiments containing large fractions of

23¢



dichlorofluoromethane (R2). It may be beneficial to remove these experiments from the
design should they baetermined to be outliers. Continuing with the other attribute data, the
CDI is found to fit the data well with B? value of 0.9902. Th#l is also found to fit the data
poorly, with anR? value of 0.5989. Again, experiments containing large fractidk-b2 appear

to be outliers. An inspection of actual vs. predictive plots also suggests that these experiments
might be outliers. In Figure 8.7a the lines of best fit and the confidence intervals are plotted
using all experiments. Figure 8.7b shale same information as Fig. &#vith the suspected
outliers removed. To determine if potential outliers should be excluded, an analysis is performed
to determine if the experiments with large amounts-a2Roverly influenced the model. In this
method, tle suspected experiments are removed and the regression is repeated. The results are
compared to the prior results containing all possible solutions. If large change&fratiethe
regressors are observed, then the experiments are considered dieelytial and removed

from the data set. In Fig. 8.7b it is found that@iealues were significantly improved. TRé

values forEl, CDI, andMI improved to 0.5611, 0.9915, and 0.8723, respectively. The parameter
estimates also changed noticeablyhu§ it is concluded that the experiments involving large
amount of R12 were overly influential in determining the regressors and are removed from the
analysis. When removing the experiments containing large amountd ®ffilem design, the

range of the mdel must also be adjusted by placing boundaries around the region of measured
values only. This result is an acceptable limitation since #i® REI is the highest of the

compounds evaluated.
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Further improvement may also be obtained by developing dimear relationship for
Eq. 8.5. In this case,rnlinear solver must be used to find the optimum set of properties that
deliver the set of attributes. Unfortunately, the use of-lm@mar programming introduces
increased computational complexity and the potential for returningglod@l optimum
solutions. An advantageous, alternate technique for building stronger at{ioyierty
relationships is to use inverse regression. Inverse regression reverses the dependent and

independent variables in Eg. 8.5 to arrive at Eq. 8.42:
P=1f(A (842

The inverse linear regression problem is only valid when both the properties and attributes are
random variables meaning they are normally distributed. This is true for this case study since the
attributes are system responsesl the propemis follow a normal curve The resulting inverse

regression expressions oy, P, andH, are shown in Eq. 8.48.45:

T.=b,+ b, &l + b, &DI + b, M (843
P =b,+ b, &l + b, DI + b, MI (8.44)
H, =b,+ b, &l + b, I (8.45)

The regressors for these expressions ar@sitio Table 8.9.
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Table 8.9: The Bgressors for themverse RgressioreExpressions.

Informative Excluding high R12 ( = 28)

Statistics Tc Pc Hv
bo 266.3071 -5.7126 16.1679
by -1.1867 0.0105 -0.0834

b 3.5923 1.7235 -
b3 35.0855 0.3916 2.2703
R 0.9917 0.9946 0.7243
Q? 0.9892 0.9925 0.6624
Rzadj 0.9906 0.9939 0.7022

Using the expressions in Eq. 8-8315, the upper and lower bounds for eachsumer attribute
listed in Eg. 8.3@.38 were converted into a set of minimum and maximum limits on the

physicatichemical properties, as shown in Table 8.10.

Table 8.10: Upper and Lower Limits on the Phys{chémicalProperties Btimated.

FR TC Pc HV
LL 350.4 36.9 15.7
UL 396.6 43.8 17.8

Since some uncertainty exists in the attribpteperty models, new lower and upper bounds are
estimated from these minimum and maximum limits using Eq. 8.10. This broadening of the
feasibility range ensures thatjth 95% confidence, any molecule found outside the region is a
non-candidate solution and should be discarded. The resulting target domain is known as the

property feasibility region (pFR) and shown in Table 8.10.
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Table 8.11: The Upper and Loweintits on thePhysicalChemical FPoperties in the pFR

pFR Te Pc Hy
LL 342.2 35.2 11.1*
UL 405.7 45.6 22.8

*11.733 is the lower limit of the Marrero and Gani GCM method
Of note is the large broadening of the standard enthalpy of vaporizd§ioesulting inan
infeasible lower limit. This value was replaced by the lower limit of the GCM model at 11.733
kJ/mol. Likewise a constraint on the applicability range of the properyponent model
termed model feasibility region is mapped to the design space apgheand lower bounds on
the property domain. The region is determined using the minimum and maximum of the

responses at the design points resulting in Table 8.12.

Table 8.12: TheUpper and Lower Limits on the &dleled PhysicaiChemical Property
Responss.

MFR Te Pc Hy
LL 340.2 36.2 13.2
UL 425.4 57.9 20.8

A pMFR can be constructed by accounting for the uncertainty in the phyhiealical property
response model. This uncertainty can either be estimated using Eq. 8.7 or by using the
information on oot mean square error (RMSEdm Marrero and Gani (2001). The RMSE for

the experimental design is smaller so the first option was selected, resulting in the pMFR given

in Table 8.13.
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Table 8.13: The Upper and Lower Limits on the Physitfamical Proprties in the pMFR

PMFR Te P Hy
LL 334.4 30.4 4.4*
uL 431.3 66.3 26.7

*11.733 is the lower limit of the Marrero and Gani GCM method

For a candidate or candidate mixture to be considered valid, it must fall within both the
feasibility region and the auel feasibility region and satisfy thRUP ranges of both regions
simultaneously. The estimation of new mixtures, those not present in the original training set,
occurs through the use of the aCAMmethod which linearly mixes various pure components to
arrive at the targets in Table 8-B013. The pure component effects are estimated from literature
sources and provided by the customer.

They were corroboratedResitygand Green (1997)

and Sahinidit al.(2005) resulting in Table 8.14.

Table 8.14:Pure Component Properties of the Pure Component Effects

Pure Pure Component Properties
Component ASHRAE # Te P. H,
' (K) (bar) (kJ/mol)
1 R-32 351.4 57.9 11.99
2 R-152a 386.4 45.2 18.41
3 R-290 369.8 42.5 14.60
4 R-600 425.4 38.0 20.81
5 R-125 339.4 36.0 13.14
6 R-134a 374.2 40.6 18.20
7 R-143a 346.8 38.3 13.49
8 R-12 385.0 41.3 16.67
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9

R-22

369.3 49.9

15.75

10

R-600a

408.2 36.5

19.08

All data necessary for the execution of the aCAMD has now been gathered, but requires
conversion to nondimaional property operators, clusters, &ldP values in order to facilitate
a solution. Beginning with the training set, the linearized forms of critical temperature, critical
pressure, and the standard enthalpy of vaporization listed in Table 6.1 an® usedert the

training set into property operators.

according to Eqg. 8.15 using the reference values listed in Table 8.15.

The property operators are then nondimensionalized

Table 8.15: Nondimensionalized Property Operators of the Training Set

Nondimensional Property Operators

Run
W W W
1 1.01 1.22 0.64
2 0.98 0.81 0.36
3 0.88 1.43 0.17
4 0.99 1.12 0.29
5 0.99 0.84 0.40
6 0.87 1.46 0.14
7* 1.05 1.14 0.48
8 1.06 1.01 0.67
9 1.26 1.35 0.90
10 0.90 1.34 0.18
11 1.17 1.44 0.73
12 0.99 1.14 0.32
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13 1.17 1.44 0.73
14 0.91 0.60 0.03
15* 1.06 1.18 0.49
16 0.96 1.18 0.28
17 1.06 1.01 0.67
18 1.17 1.44 0.73
19 0.99 0.84 0.40
20 0.94 0.71 0.17
21 1.00 1.23 0.59
22 1.26 1.35 0.91
23 1.03 1.23 0.67
24 0.96 0.90 0.19
25 0.90 1.34 0.19
26 0.93 0.64 0.07
27* 1.06 1.18 0.49
28 1.26 1.36 0.91
29 1.06 1.04 0.66
30 0.87 1.35 0.13
31 0.90 1.27 0.17
ref 5 0.05 10

*Experiments not included in the parameterization of Eq. 8.42

The resulting property operators are then be converted into property clusters using Eg. 6.6. and

shown in Table 8.16.
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Table 8.16: Clusters ar®lUPs of the Training Set

Property Clusters
Run AUP
Ci C Cs
1 0.351 0.426 0.223 2.87
2 0.455 0.376 0.169 2.16
3 0.355 0.576 0.069 2.48
4 0.413 0.467 0.121 2.40
5 0.443 0.376 0.180 2.23
6 0.352 0.589 0.059 2.47
7 0.392 0.427 0.181 2.68
8 0.388 0.370 0.243 2.74
9 0.358 0.385 0.257 3.52
10 0.372 0.555 0.073 241
11 0.349 0.431 0.220 3.35
12 0.405 0.464 0.131 2.45
13 0.349 0.431 0.220 3.35
14 0.596 0.388 0.017 1.53
15* 0.386 0.433 0.180 2.74
16 0.398 0.487 0.115 2.42
17 0.387 0.370 0.243 2.75
18 0.349 0.431 0.220 3.35
19 0.443 0.376 0.180 2.23
20 0.516 0.391 0.093 1.81
21 0.354 0.437 0.208 2.81
22 0.357 0.385 0.258 3.52
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23 0.351 0.420 0.229 2.94
24 0.468 0.438 0.093 2.05
25 0.371 0.550 0.078 2.43
26 0.565 0.391 0.044 1.64
27* 0.386 0.433 0.180 2.74
28 0.357 0.385 0.258 3.52
29 0.383 0.376 0.241 2.76
30 0.372 0.573 0.055 2.35
31 0.385 0.544 0.071 2.33

Likewise, the nondimensionalized property operators and clusters for each pyseneom

effect are also calculated and shown in Table 8.17 and Table 8.18, respectively.

Table 8.17: Nondimensionalized Property Operators of the Pure Component Effects

Nondimensional Property Operators
ASHRAE #
W W W
R-32 0.91 0.60 0.03
R-152a 1.06 1.01 0.67
R-290 0.99 1.13 0.29
R-600 1.26 1.36 0.91
R-125 0.87 1.47 0.14
R-134a 1.01 1.22 0.65
R-143a 0.90 1.34 0.18
R-12 1.06 1.18 0.49
R-22 0.99 0.84 0.40
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R-600a 1.17 1.44 0.73

Table 8.18: Clusters of the Pure Component Effects

Property Clusters
ASHRAE # AUP
Ci C, Cs

R-32 0.596 0.388 0.017 1.53
R-152a 0.387 0.370 0.243 2.75
R-290 0.412 0.469 0.119 2.40
R-600 0.357 0.385 0.258 3.52
R-125 0.350 0.594 0.057 2.48
R-134a 0.351 0.425 0.225 2.88
R-143a 0.372 0.555 0.073 241
R-12 0.386 0.433 0.180 2.74
R-22 0.443 0.376 0.180 2.23
R-600a 0.349 0.431 0.220 3.35

Finally, the FR, MFR, pFR, and pMFR nondimensionalized property operator regions are

calculated using Eq. 8.15 and shown in Table 8.19.

Table 8.19: Th&londimensionalize#®ropertyOperators for the Feasibility Regiorydes

Feasibility Region Type Bounds w W W
LL 0.91 1.07 0.39
FR
UL 1.11 141 0.61
LL 0.87 0.60 0.15
MFR
UL 1.26 1.46 0.91

25C



LL 0.88 1.00 0.00

PR UL 1.16 1.52 1.11
LL 0.85 0.40 0.00

PMFR UL 1.29 1.87 1.50

From these bounds, the cluster feasibility regions can be calculatedHggirty7 resulting in

Tables 8.268.23.

Table 8.20: The ®pertyCluster Bounds on the FR

Property Clusters
FR AUP
C1 C, Cs
Pt. 1 0.351 0.413 0.235 2.59
Pt. 2 0.310 0.482 0.207 2.94
Pt. 3 0.335 0.520 0.145 2.72
Pt. 4 0.381 0.485 0.367 2.92
Pt. 5 0.432 0.416 0.153 2.58
Pt. 6 0.398 0.384 0.218 2.79

Table 8.21: The Property Clusteoihds on the MFR

Property Clusters
MFR AUP
Ci C Cs
Pt. 1 0.367 0.251 0.382 2.37
Pt. 2 0.269 0.451 0.280 3.24
Pt. 3 0.352 0.589 0.059 2.48
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Pt. 4 0.440 0.509 0.051 2.86
Pt. 5 0.629 0.298 0.073 2.00
Pt. 6 0.456 0.216 0.329 2.76
Table 8.22: The ®pertyCluster Bounds on the pFR
Property Clusters
pFR AUP
Ci C Cs
Pt. 1 0.294 0.334 0.371 2.99
Pt. 2 0.251 0.433 0.316 3.51
Pt. 3 0.367 0.633 0.00 2.40
Pt. 4 0432 0.568 0.00 2.67
Pt. 5 0.537 0.463 0.00 2.15
Pt. 6 0.354 0.306 0.340 3.26
Table 8.23: The Propertyl@sterBounds on the pMFR
Property Clusters
PMFR AUP
Ci C Cs
Pt. 1 0.310 0.144 0.546 2.74
Pt. 2 0.201 0.444 0.355 4.22
Pt. 3 0.312 0.688 0.00 2.72
Pt. 4 0.408 0.592 0.00 3.16
Pt. 5 0.766 0.234 0.00 1.69
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Pt. 6 0.405 0.124 0.470 3.18

The resulting clusters of the FR, MFR, training set responses, and the training set pure
component effects are plotted in Fig. 8.9. The clusters of the pFRRpM&ning set

responses, and the pure components are plotted in Fig. 8.10.
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Figure8.9 The Property ClusteriBgramHighlighting the Mixture @sign,Pure Chemical
ConstituentsFR, and MFR
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Figure8.10 ThePropertyCluster DagramHighlighting the Mixture Design,Pure Gemical
ConstituentspFR, and pMFR

As shown in both Fig. 8.9 and Fig. 8.10, the model feasibility region and target feasibility
region completely overlap, meaning that all feasible mixtures estimated can be found by
interpolation of the model. However, due to a poor fit of the khemodel, there is sizable
variability alongCs, as evidenced by the variation of the shape of the FR vs. the pFR, and to a
lesser extent the MFR vs. pMFR feasibility ranges. The larger of the do(p&iRsand pMFR)
are chosen to ensure that no feasible solutions are excluded from the design. Several refrigerants
fall simultaneously within both the pFR and pMFR, but none of the candidateg\b&alues

that match thé\UP values of the sink, with thexception of RL2. This result is expected since
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R-134a was meant as a replacement fdrZ2R Since the potential environmental imp&UEl) of
R-134a is 0.784/kg and the PEI oflR is 2.751/kg, RL2 will not meet the objective of lowering

the PEI in this design problem. Furthermore, since no other mixture of components in the
training set met the objectives of the design, it is desirable to either find new mixtures and/or
design new refrigerants that can help meet the constraints. The remainingffdahiss case

study will be on the latter.

Due to large inventories of-B2 available to the consumer, it is desirable to find a way to
use this refrigerant in the design. Since8Rdoes not lie within the feasibility region, an
additive mustbeusedl he fAaddi tiveo feasibilit yfeasibdlityge mus
range and the target feasibility range so that the resulting mixture meets both constraints
simultaneouslyas shown in Fig. 8.11 To determine the combination of the tveasibility
regions we select théoundary point clusters of the appropriate pFR and pMFR and calculate
the cluster at the pMFR intersection of a hypothetical component &3l tRat crosses the

boundary of the pFR. The fadédiveninTabled@@4dmai no ¢
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Figure8.11 The Property ClusteriBgramHighlighting theAdditive Feasibility Region.

The property operator upper and lower limit boundaries are then be calculated from Table 8.24

using minimization and maximization.

Table8.24: TheAdditive DomainFeasibilityRegion Boundary [Dsters and AUPs.

Property Clusters
PMFR AUP
Ci C Cs
Pt. 1 0.269 0.594 0.138 3.26
Pt. 2 0.178 0.393 0.429 2.15
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Pt. 3 0.258 0.120 0.622 2.67

Pt. 4 0.322 0.110 0.568 2.72

Pt. 5 0.583 0.199 0.218 4.22

Pt. 6 0.335 0.540 0.125 3.23

Table 8.25: The Additive @mainFeasibilityRegionBounds.

Additive FR W W /174 AUP*
LL 0.85 0.59 0.00 2.15
UL 1.16 1.87 1.50 4.22

* Unbalanced AUP from Table 8.24.

It should be noted that since the additive sagis an amalgam of the pFR, pMFR, and a

hypothethical component mixed with32, it is no longer balanced. In other words, a recreation

of t he

method listed irChapter 6 would result in an overestimation of the domain. In this situation, it is
valid to use the domain boundaries listed in Table 8.24 to test Rules 1 and 6, while using the

unbalanced minimum and maximuRtUP values to test Rules 2 and 7. Rules 3 @ndust be

Afadditiveo

f easi

bil i

t

y

region

us

ng

satisfied by matching thAUP values of the pFR, pMFR, and potential candidate solution or

mixture. For the solutions estimated using the forward approach, the unbalanced solution

domain (i.e. Table 8.24) provides an additional test for patletaindidate solutions that meet the

constraints listed in Table 8.25.

After the target additive region has been identifieainpounds that can satisiyare

identified using the aCAMD metho&incethe additive is a refrigerant component,desirable

for themolecular weight not b#o high andhe search is limited to compounds with molecular

t
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weight between 30 and 2%mol. The group contribution express®for thetargetproperties

become as shown:

Ng Ns
Hv = HvO + a r-]ghvl + Wa nshvz (846)
g=1 s=1
NQ Ns
Tc = TcO'ln a. ngtcl + M/a nstcz (847)
g=1 s=1
& M nooogt
Pc = Pcl + %{:2 + a ng pcl + a ns pc28 (848)
(; g=1 s=1 -
Ng
M=3 n,m, (8.49)
g=1

The property operators for each property can beddratcording to Section 6.3 and Section 8.2

All group contribution property values are taken from Marrero and @&31) In this design,

ten differentacyclic molecular groups are considered for generating the potential candidates.
These groups are typically found in refrigerants aftein displayless environmental impacthe
property ranges in terms of normalized operasti@wn in Tables 8.25 are augmented to reflect
the molecular weight constraints (e0y. 3l O 2usiBg a reference value of 100. The first

order group contribution parameters are as follows.

Table8.26 Property @ta ofSelectedFirst Order Groups(Marrero and Gani 2001)

Grglup Name FBN te1 Pc1 hy1 Mo
1 CHs 1 1.751 0.018615 0.217 15
2 CH; 2 1.3327 0.013%7 4.910 14
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3 CH 3 0.5960 0.007259 7.962 13
4 CHxF 1 3.3179 0.023315 8.238 33
5 CF 3 2.163 -0.010120 6.739 31
6 Chk 2 0.8548 0.018572 1.621 50
7 Chk 1 1.7737 0.048565 7.352 69
8 CHO 2 2427 0.017954 9.997 30
9 CHsO 1 343X 0.020084 5.783 31
10 CHx=CH 1 3.2295 0.05745 4.031 27

It should be noted that although some of these groups may be represented by smaller, first order
groups (e.g. CF may also be represented by a C and F group), in practice, better model
agreements obtained by representing the arrangement by the group with the largest molecular
weight (Marrero and Gani 2001). In terms of first order groups, the parameters are rewritten as
nontdimensionalized property operators aldP values as shown in Table 8.2 For ease of
comparision, the molecular weight property operator is not includédJiof the mixture. It

will serve as an additional screening step for the design moledules.

Table 8.27: NordimensionaPropertyOperators and AUPS &electedMoleaular Fragments

Grglup W, Whg1" Whgi" AUPg;"
1 0.35 0.37 0.02 0.74
2 0.27 0.27 0.49 1.03
3 0.12 0.15 0.80 1.06
4 0.66 0.47 0.82 1.95
5 0.43 -0.20 0.67 0.90




6 0.17 0.37 0.16 0.70
7 0.35 0.97 0.74 2.06
8 0.48 0.36 1.00 1.84
9 0.69 0.40 0.58 1.67
10 0.65 0.51 0.40 1.56

Using EQ.6.43, aninequality expression for each propeisygenerated. Using only first order
group property operatorthe maximum possible number of each gra@ipalculated and shown

in Table 8.28.

Table8.28: Non-dimensiamal PropertyOperators and AUP< &elected Molecularfagments

Group Formula Calculgted BuffeLrJed
01 Ng1 Ng1
1 CHs 5 6
2 CH, 4 4
3 CH 3 4
4 CH,F 2 2
5 CF 4 4
6 Ck, 5 5
7 Ck 2 2
8 CH,O 2 2
9 CH3O 2 2
10 CH,=CH 2 3

However, as noted in Sectidh3, these values may not be the true limits of the number of

groups because of the potential for negative second order property operators. Also, since some
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of the first order groups listed in Table 8.27 contain smaller first order groups (i.e. Table 8.27
not a complete set of first order groups in the system), second order group instances containing
the smaller first order groups must also be accounted for. The second order groups with known
contributions that can be built from the first order groligied in Table 8.2 are givenin Table
8.29(Constaninou and Gani 1994). Those groups containing smaller first order groups (i.e. C, F,

etc.) are denoted accordingly.

Table 8.®: Propertieof 2" OrderGroupsbuilt from 1% Order Goups (Marrero and Gar2001)

Group Formula te1 Pe1 hv1
02
1 (CH3),CH -0.0471 0.000473 -0.419

2 CH(CHs)CH(CHs) | 0.5602 | -0.003207| 0.532

3 CH,=CH-CH=CH, | 0.4214 | 0.000792| 1.632
4 CHs-CH=CH, -0.0172 | -0.000101| 0.064
5 CH,-CH=CH, 0.0262 | -0.000815| -0.060
6 CH-CH=CH, -0.1526 | -0.000163 | 0.004
7 CH,-O-CH=CH, 0.2900 | -0.000432| 0.372
8 CHs-O-CH=CH, 0.2900 | -0.000432| 0.372
9* (CHg)sC -0.1778 | 0.000340| -0.417

10* CH(CH;)C(CHs): 0.8994 | -0.008733| 0.623

11* C(CHs)2C(CHg): 1.5535 | -0.016852| 5.086

12* C-CH=CH, -0.1526 | -0.000163| 0.004
* 2" order groups built from smaller first order groups

The 29 order property contributions can then be expressed in terms efimemsionalized

property operators and the augmented property index as shown in Tble 8.
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Table 830: The nordimensionalied property operators of%order groups

SR g e Wi | AUPG
1 -0.0094 0.0095 -0.0419 -0.042
2 0.1120 -0.0641 0.0532 0.101
3 0.0843 0.0158 0.1632 0.263
4 -0.0034 -0.0020 0.0064 0.001
5 0.0052 -0.0163 -0.0060 -0.017
6 -0.0305 -0.0033 0.0004 -0.033
7 0.0580 -0.0086 0.0372 0.087
8 0.0580 -0.0086 0.0372 0.087
9 -0.0356 0.0068 -0.0417 -0.070
10 0.1799 -0.1747 0.0623 0.068
11 0.3107 -0.3370 0.5086 0.482
12 -0.0305 -0.0033 0.0004 -0.033

The 29 order groups with negativdUP" (i.e. graups 1, 5, 6, and 12) contain thdrder groups
CHs, CH,, CH, and CH=CH, meaning that a molecule containing these second order groups
could theoretically contain a higher number of the listarHer groups than shown TFable
8.27. To protect agairishis scenario, the maximum number &fakder groups are buffered by
20% where necessary, resulting in the buffered column in Table &2@uffer of 20% was
chosen because second order groups generally correct first order groups by £10%.

Proceding with the additive design using the aCAMDI, possible combinations of first
orderandsecond order groupe then estimated subject to the constraints placed on the search

space shown in Table 8.25. In addition, the customer has indicated a desiii tteelinumber
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of dissimilar groups to two. Following the procedure outlined in Table 8.3 and Fi§.68.4
potential candidate molecules are generated. The clusters of the first order groups used in the

aCAMD are given in Table 813

Table 8.31 FirstOrder Group Clusters

GrglUp Cag" Cogr" C g1
1 0.471 0.500 0.029
2 0.259 0.263 0.477
3 0.112 0.137 0.751
4 0.340 0.239 0.422
5 0.479 -0.224 0.745
6 0.243 0.527 0.230
7 0.172 0.471 0.357
8 0.263 0.195 0.542
9 0.412 0.241 0.347
10 0.413 0.3 0.258

As shown in Fig. 8.12, one group, CF, resides outside the positive cluster domain. Since, any

mi xtures containing CF would need to reside
groupo mixtures of this grtheurgmaiaing groupsidnlytwat i c a l
Apur e gryand @Y are capabife of producing candidates that meet RukUR values

for each of the candidates can then be tested and matched agafkidPthenge of the additive

feasibility region. Between 4 arlsl CF, groups are capable of meeting this constraint and the
maximum number of groups constraint. The number of g¢élips meeting these constraints are

between of 3 and 5. Calculating the Free Bond NunfeBN) of these molecules for namng
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compoundsndicates that neither set contains a thermodynamically stable molecule and all pure

groups are discarded.

Phys. - Chem. Properties

@® Group Contributions

@® Complete Molecules
= === Property FR (pFR)

= === Property Model FR (pMFR)

==== Additive FR

CF
[ ]

Figure 8.12: T Order Goup contributions in th€lusterDomain

For molecules having two dissimilar groups of Table 8.26, 389 potentiatimprcandidate
molecules can be built. Using the procedure outlined in Fig. 8.6, eachingonandidate
molecule was tested against Rule 4 (FBN = 0). In total, 321 molecules failed Rule 4 and
were discarded. Five more molecules failed Rule 14 and eiscarded leaving 63 potential

candidate mol ecul es. Finally, 56 mol ecul es
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constraints of Table 8.24, leaving 7 potential candidate molecules. Two of the seven molecules,
R-161 and Methoxymethanealf just outside the cluster domain because it is unbalanced. The

remaining five potential candidate solutions are shown in Tabfa®@® Fig. 8.13.

Table 8.2: CandidatéMolecules

ASH#RAE Name Formula mw mp' mgV
R-290 Propane CHs-CH,-CH; 0.967 1.016 0.534
R-272ca 2,2-Difluropropane CHs-CF-CHs 0.871 1.116 0.206

- 2,2,3,3Tetrafluorobutane | CHs-(CF,)2-CHs 1.042 1.487 0.368

R-1243 3,3,3Trifluoropropene CH,=CH-CF; 1.001 1.486 1.138

R-143m | Methyl trifluoromethyl ethe CH3;0-CF; 1.043 1.373 1.314

It should be noted that only these 5 candidate molecules were fully constructed by the algorithm.
All five of the candidate molecules meet the property contraints on critical temperature, critical
pressure, enthalpy of vaporization, and molecular weightefriolecule. Of them,-R90 was

part of the training set and was discarded because its attribute values did not fall within the
consumer targets. The difference between the designed molecule and training set molecule can
be attributed to two sources at@r: (1) the widening of the target domain because of a poor fit

in Eg. 8.45 and (2) a systematic underestimation of the enthalpy of vaporization by the Marrero
and GaniGCM method (2001). The first source of error could be improved by developing a
strorger relationship for Eq. 8.45. However, since the aCAMD is built to only exclude infeasible
solutions and return candidate solutions, with no promise as to the suitability of the designed

molecules, the effect of this uncertainty is limited.
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Figure 813: Candidatéolecules in théhysicalChemical PopertyCluster Dbmain

For the second source of error, plots of the enthalpy predicted vs. actual responses of the
enthalpy of vaporization shown in Fig. 8.14a indicate a severe incongruity in the

parametazation of the terms by Marrero and Gani (2001).
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Figure 8.14: Predicted vs. Actual Latent Heat of Vaporization usin@CaJ at 298K and (b)
GCM at the Boiling Bint Tp.

Upon inspection, it appears that the Marrero and G&M\ prediction is aatally providing the
enthalpy of vaporization at the boiling point and not at the standard state of 298K and 1 bar as
was reported. Using the correlation in Eg. 8.50 develope@vaison (1943)the predicted

enthalpy of vaporization is corrected to thendgiard state and plotted in Fig. 8.14b.
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Although the prediction of the enthalpy of vaporization improves, a significant amount of error
over the approximately £1.61 standard deviation reported by Marrero and Gani (200hsremai
in the system. The error is primarily a result of the contributions of the halide groups jike CF
and CR which also affect the critical temperature;)(Bs shown in Fig. 8.15a. The critical

pressures (in Fig. 8.15b did not appear to be affectgdhese groups.
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Figure 8.15: Predicted vs. Actual Critical Properties: (a) Temperature and (b) Pressure.

These results suggest it mag beneficial to reparametezizhe GCM method for only the
groups of those molecules in the training set sinceahewsed to build the candidate molecules.
This type of approach is discussed in more detail in Chapter 9.

Of the four remaining candidate molecules, Btel value provided by the WAR GUI
Version 1.0.17Young and Cabez&0) could only be determinefdr a single component,-R
1243. It was at 6.068 PEI/kg which is significantly higher thah3Ra at 0.3255 and-B2 is
thus ruled out as a potential candidate Further environmental study of the 3 species without a
PEIl is warranted but is beyond the pecof this dissertation.

Based on these results, a binary mixture involvirRg2Rcould not be found to satisfy the
constraints of the design. However, noting thatREé€of R-161 is at 0.00406 and that it is close
to the feasibility region, it is gté possible that a ternary mixture involving3R and R161
could be utilized. To determine which of the tested components to add, it is necessary to
evaluate the difference between tAEJP of the target sink and thAUP of the R32/R-161
mixture. It isfound that the critical pressure cluster, represented by the property €sier

too low and needs to be raised. ¢ components utilized in this designlR5 has the lowest
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P. valug which corresponds to the high&st cluster value, which shouldelp to balance the
binary mixture. However, R25 also has a higREIl value of 2.158. Making the assumption of
linear mixture behavior and using lexam analysis, a ternary mixture of32/R-125/R 161 of
33/10/57 wt.% is found to simultaneously matasttbthe AUP of the sink, cluster feasibility
region, andPEl of 0.3255, matching R34a. Subsequent reduction ofLR5 will lower thePEI

but at a cost of lowering the amount of3R that can be utilized in the design. In a similar
experimental study coparing the gcle performancef R-32/R-125/R-161againstR-407c, Han

et al (2007) found a mixture o023/25/52 wt%to be sufficient for replacement for-407c.
Considering that RI07c is a 15/34/51 wt% mixture of82, R125, and RL34a, it is reasonable

to conclude that this mixture is similar telR84a and can be used to corroborate these results.
Accordingly, it is found that this method predicts &®&7c mixture between 15/34/51 wt% and
32/39/29 wt% which nearly encompasses the result fromeliah(2007). The major difference
between the two results is the amount aef 5 in the mixture and is a result of the experimental
solution not being bound by tHEI, as was done in this case study. Had this constraint been
relaxed, the RL25 fractions wald have been severely reduced. There is also some indication in
the gradients of the mixture responses provided by édaal. (2007) that the mixing may be
nonlinear. Further experimentation on this candidate solution is warranted.

In summary, the ovall confidence that this solution is the global solution to the design
problem is calculated by applying Eq. 8.13 to the propatttybute relationships in Table 8.9
and theGCM models in Marrero and Gani (2001), resulting in 88.4% and 98.1% for eqch ste
However as noted earlier, significant errors in the calculatidt, &fy Marrero and Gani (2001)
suggest that the error in the second step is much larger and could potentially reduce the

confidence by another 240%.



8.5. Summary

In conclusion, an &tibute computer aided molecular design (aCAMD) technique using
property clusters and the reverse problem formulation was developed and discussed in this
chapter. The method allows for the complete and efficient solution of product design problems
that rdy on regression models to describe consumer attributes and property models based on
group contribution. The use of smaller building blocks based on functional groups allows the
technique to construct moleculdéisat arenot part of the original experimeitdata set, a
significant contribution to the product design problem. In addition, because of the uncertainty
encountered in defining consumer attributes, the method uses relaxations of the target solution
domains in order to ensure that only infeastd@adidate solutions are excluded from the design.
However, the efficiency of the method suffers in situations of high uncertdiatyareoften
found in the multiscale design of chemical products. In the case study, the accuracy (and
efficiency) of the @sign suffered from two main sources of uncertainty: (1) data driven models
in propertyattribute relationship and (2) poorly fit group contributions in the propadiecular
architecture relationship. For case 1, better models may be obtained by gedogfihe
problem in terms of underlying latent variables using decomposition technieesmposition
is a mathematical technique that can determine the most valuable underlying latent variables.
Latent variables are, by definition, mathematical efees of underlying independent variables
that control the response of the system. The ability of decomposition to handle large sets of
multivariate data suggests it could be utilized to evaluate the structural information of a chemical
product over mulple scales. The use of decomposition and latent variable models to design

chemical products at multiple scales is discussed in Chapter 9.
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For case 2, it has been shown that it may be beneficial to parameterize the property
molecular architecture relatiship on a casspecific basis in order to improve predictive power.
This is especially true for chemical products with architecture that exists over multiple scales.
One of the most common and efficient ways to describe this architecture is to use
chamlcterization to generate enormous multivariate data sets and derive case specific
combinatorial techniques (based GEM) according to the type of characterization used. The
use of characterization based group contributa§dGM) is discussed in more ddtan Chapter

9.
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Chapter 9

CharacterizatiotvasedComputer Aided Molecular Design (cCAMD)

As discussed throughout this dissertation, combinatorial techniques like GCM are
valuablemethods forefficiently designing molecules for specific end ug€onstantinou and
Gani 1994; Marrero and Gani 2001; Gani 2004; Hill 2009hfortunately, n chemicalproduct
design, the associated properties of concern are most often consumer attributes which do not
have groupcontribution parametergHill 2004; Hill 2009) This limitation was partially
addressed irChapter8 by mapping the mnsumer attribute information t@ set ofintensive
propertiesat the macroscale that can be described by group contrib{B8mmasonet al 2009)
This step is often performed via chemometrics which defamesmpirical relationship through
the use of desigof-experiments (DOE) and mulariatelinearregression (MLR). Ay
uncertainty in the relationship between the attributes and properties is handled by increasing the
size of the feasibility regions in ¢hproperty domairfSolvasonet al. 2009) However, ifthe
attributeproperty relationship is poorly definethen the feasibility regions are enlarged such
that any RPF efficiency gains are lost and the overall accuracy of the design is reduced. For
multiscale chemical product design this observation is especially apparent. For example, the
consumer attribute fisoftnesso in facial tiss
backbone flexibility), microscale structure (e.g. fiber coarsenesd)rgesoscale structure (e.qg.
fiber orientation) of the product. Using only GCM (i.e. molecular scale) properties to build the

attributeproperty relationship would fail to capture the architecture effects of the other length
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scal es on t huetes, pasuwtidguic & @osr ataibbupeopertlp relationship, a broad

feasibility region, and many, poorly designed chemical product candidates that may or may not

be true solutions. Il n contrast, I f thelysysten
molecular scale architecture (e.g. solvents), then the system can be completely modeled by GCM
(Eljack et al. 2007). It is for the former, multiscale system, that a new method called
characterization based computer aided molecular design (cCAMD) dws dieveloped in

Chapter.

The cCAMD method uses characterization data to describe the molecular architecture of
the system, decomposition techniques to consolidate that information into a linearized latent
property subdomain, and chemometric techniqoe®late the latent property subdomain to the
attribute domain. With this solution structure, attribute target data can be converted into latent
property targets where molecular architectures can be linearly combined to deliver them using
the property clstering algorithm. This approach differs from the multivariate mixture design
approaches discussed @hapter3 in the type of building blocks used in the design. Whereas
Muteki and McGregor (2006) and Gar&arnaet al. (2011) search large databasesnofecules
for pure components or combine pure components to generate candidate mixtures, this method
uses a much smaller set of molecular groups present in the original training set to build candidate
molecules and candidate mixtures. The result is éadethat generates a complete set of
candidate molecules, void of database completeness limitations.

For this method to work properly, important midtiale molecular architecture features
must be appropriately captured by various characterization ite® and converted into
molecular grougike features which can be recombined in a characterization based group

contribution method (cGCM) to generate new chemical products. Since infrared (IR) and near
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infrared (NIR) spectroscopy techiniques are paldity adept at capturing molecular scale and
microscale features of chemical products, they were chosen to highlight the methSdctsee
9.1.1).

Once the spectral features have been captured, decomposition techniques are applied to
determine the lateé property subdomain in order to improve the combinatorial efficiency and
certainty of the designed candidate molecules. The use of latent property descriptors requires the
construction of an attribudatent property relationship in order to provideedicle for mapping
attribute targets into the latent subdomain. The decomposition and relationship construction
techniques for the latent domain are discuss&kution9.1.2.

In Section9.2 the necessary changes to the property clustering method te retedt
property descriptors of molecular architecture and targets are examined. In particular, the design
must be augmented to handle negative mixture fractions. The section concludes with the cluster
conversion algorithm for cCAMD.

In Section 9.3 the candidate generation algorithm for cCAMD is developed and
discussed. Changes to the structure generation approach and additional structure checks are
highlighted. The resulting algorithm is capable of simultaneously building candidate molecules
with multiple types of molecular architecture that exist across multiple scales.

In Section9.4 a case study on the design of a pharmaceutical excipient formulation for
direct compressed acetaminophen tablets is used to illustrate the method. Two typesisf desig
are conducted, a mixture design to highlight the impact of the property clustering technique, and
a molecular design to highlight the newly developed characterization based group contribution

method (cGCM). The chapter concludes with a summasgaion 9.5.
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9.1. Integrating Multivariate Data & Models with the RPF

In general, the objective of the cCAMD method is to enumerate all possible molecules
and molecular architecturélsat meet a set of target attributeg using amapping function to
move the hemical product design problem into sdbmain with linear programming
characteristics. Identifying a proper sdbmain in which to conduct the design is paramount to
ensuring a repeatable, accurate, and physically meaningful solution oc&ussitable sub
domain should possess the following qualities: (1) thedswbain latent propertgnolecular
architecture relationship should be linear to ensure computational efficiency and solution global
optimality, (2) the sulomain should be capable of represaptiall relevant molecular
architecture important to the design, and (3)}daimain mapping noise should be minimized by
using latent propertgttribute relationships with strong predictive power (Solvastoal. 2009,
Solvasoret al.2010).

Many techniges exist that can be used to find a suitable propertydsoiain. One of
the most common is the decomposition of property and molecular architecture information into
an eigenfunction. When the technique minimizes the mahalnobis distance to build the
undelying, orthogonal latent variable structure, it is called principal component analysis (PCA)
(Johnson and Wichern 2007Alternatively, when information about the relationships between
molecular architecture and therétutes of the system is available, network component analysis
(NCA) can be used to find the underlying sddmain using a MINLP formulation proposed by
(Tolle et al. 2009) It should be noted that in order for either of these decomposition techniques
to be effective, large amounts of heavily correlated data that describe the molecular architecture
will be required. When this requirement is combined with the second criteria of a complete

description of the system, it is clear that egaghering techniques spanning multiple scales will
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need to be utilized. t has been shown that characterization tools anlniques are excellent

methods of generating data and information about the system.

Consumer Attributes
(Macro/Meta Scale)

Chemometric Models

Qua ale A= f(T) acro Scale
Fundamental Principles of
Chemical Engineering

Ato ethod Microstructure
Ato ale T= f()() (Meso Scale)
) ) T= f n Coarse-Graining and
VI, B, ME Simulations ( 91) Chemometric Models
v
CAPD / CAMD P=1(T)

(Molecular Scale)

GCM, Topological Indices
and Chemometric Models

Figure 9.1: AMultiscale ReverseProblem Brmulation. TheScales Nt Blocked Out are
Capable of being 8scribed using th&echniques Developed in thig&ion.

Conventional
Multi-scale
Domains

Solution
Sub-Domain

Figure 9.2: AcCrosssection of theReverse Problem demulation Applied to aMultiscale
Chemical Product Bsign.
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As shown in Fig. 9.1 and 9.2, most chemical prodweith multiscale molecular
architecture are usually present in a solid form and, inqodatti, rely on microstructure at the
micro- through mesescales as well as molecular structure at the molecular scale to deliver the
needed consumer attributesUnlike the aCAMD method ofChapter8 which used only
molecular scale information, the cCAMD thed uses characterization property d&pdf an
experimental training set to capture molecular architecture at multiple scales followed by a
decomposition to find a underlying latent property dom&jn (

P=f(T) (®.1)

This type of apprazh overcomes the limitation of the aCAMD method by capturing a complete
description of the relevant molecular architecture important to the product. Likewise,
documented characterization responses for specific types of molecular architectures can also be
decomposed to find a set of latent domain parameters to be used in a cGCM or linear mixture
design:

T =1(ng) (9.2)

T=1(X) (9.3)
whereng; are the number of distinct first order characterization based grgupsndX is the
vector of pure component mass fractions in the product. Finally, the targets for the design are
obtained by developing the attribtlegent property relationship and mapping the consumer
attributes Q) into the latent domain.

A=1(T) (9.4)

With the targets defined, characterization based groups and pure component molecular

architectures can be mixed to determine the chemical product candidates. The strength of the

277



method is predicated on two main aspects, (1) the proper characterifdatiensgstem and (2)

the proper decomposition to find a suitable latent variable domain.

9.1.1. Characterizing the System with IR/NIR Spectroscopy

As reviewed inChapter3, infrared (IR) and near infrargdNIR) spectroscopy can be
useful taracterizatio techniques for thaleterminationof chemical constituengymolecular
structure, and nanpmicro, and mesecaleorientation and alignmentThe characterizations
are often performed on a training set of molecules defined by an experimental design used
explore the interesting facets of a productos
techniques have been shotaprovide better determination of overtone and combination bands
of familiar molecules and improved descriptions of bondinghpheena such as van der Waals
forces (Nesbitt 1988; Saykally 1989; Hutson 1990; Heaven 1992; lachello and Levine, 1995)
making them invaluable for the product designer.

Since, as discussed f@hapter8, significant computational effiency is often gained
when the design problem is approached using group theory, it is beneficial to relate the IR/NIR
characterizations to functional groups. Using the concept of symmetry, many atoms and
combinations of atoms in a symmetrical molecule loarconsidered to be in the same chemical
environment, and by extension, the vibrational motions and absorptions or IR and NIR spectra
will be identical. Hence, it makes more sense to parameterize specific group vibrational spectra
as opposed to atomic oomplete molecular spectra as was don€hapter3. Groups can be
considered as the formation of atoms interacting in a molecular association. The calculation of
group frequencies is a summation of vibrational motions described by harmonic oscillation,
anharmonic oscillation, first order coupling, and Fermi resonance (second order coupling).

Various concepts regarding rotational axes, reflection planes, inversion centers, improper
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rotational axes, and point groups can be used to mathematically jimssifgoncept, but are
beyond the scope of théissertationfWorkman and Weyer 2008)Instead, a brief summary of
the vibrational frequencies in terms of normal coordinates in group theory is presented.

Many factors are responsible for determining the frequeh@bsorbance for a specific
molecular architecture. The strongest fundamental bands correlate with the strongest bonds and
inversely correlate with the mass of an at¢8ocrates 2001) Overtone bands arise from
anharmonicity of the fundamental bandslacan be used to differentiate between group bonds
that absorb in the same frequency. However, combination bands and coupling may cause some
of these vibrations to shift, degenerate, or become inactiNVean NIR. The overlap of features
will need tobe addressed by more sophisticated approaches (Stepleradz001). One such
technique is to utilizéhegroup contribution method (GCM).

As discussed ilChapters4, 6, and 8, GCM is a property prediction technique based on
the UNIFAC method of sumimg individual property contributions from specific functional
groups in a molecule. First order groups contain basic information and can be combined linearly
since they assume no interaction between groups. Second order groups can be estimated from
first order groups and correct for the interactions between first order groups. Third order groups
can be derived in a similar method and help to correct for polyfunctional compounds with more
than four carbon atoms in the main chéMarrero and Gani 2001) The complete GCM
expression is as follows:

15'order 2" Order 3" Order

— 7
PM - a n91 P91 + WSé- ngz sz +V\l|- a ngs Pgs (415)
¢ 92 93

The method proposed in this chapter uses characterization data from IR and NIR

spectrosopy to define the group contributions in the GCM expression in order to predict the

279



spectra of a full molecule. Additionally, molecular architecture information beyond the scope of
traditional GCM, such as group orientation and crystal polymorphismpwilhcludedaslong

as it can be ascertained from IR and NIR spectroscopy. In order to handle these special
constraints, a modified characterization based group contribution is proposed that parameterizes
the groups in a nested structure. To be effecthe dissemination of characterization data must
follow a set of rules designed to shadow those developed by Marrero and Gani (2001). First, the
characterization must be able to completely quantify each individual molecular group used in the
design. Wihin a group, the number of absorbance frequencies can be calculated by modifying

Eq. 3.27 to account for bonds by assuming each bond is attached to a hydrogen atom.

Rule 17. The total number of fundamental vibrations of a group will be calculated using Eg.

3.27,where each open ended bond is estimated as a hydrogen atom.

This assumption will grossly overestimate the number of fundamental modes of vibration, but
will serve as a necessary constraint. For instance, this method will estimate thagra@thad

9 fundamental modes, when, in fact, it only has 6 fundamental modes of vibration. It should be
noted that this overestimation is only a concern when molecular groups have a small number of
atoms with strong absorbances (e.g. C=0). For larger groups, sighiflegeneracy from
interactions leads many fundamental tones to become inactive. For these situations, the inactive
tones can be ignored; the use of only the physically active tones listed in various texts will be

sufficient.

Rule 18. The number of fundamentadries calculated by Rule 17 will be reduced to only
the tones that have been experimentally validated. No quantum mechanical

estimations of tones will be utilized.
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For instance, the physically identified fundamental bands of &H presented in Tablel9.
(Socrates 2001; McKenzie 2002The intensity of absorptionf each fundamental absorption is
listed in terms of a relative rates of strong (s), medium (m), meditong (ms), and inactive

(). Although it was expected that the €group would have 9 fundamental tones, only 3 could
be experimentally verified: symetrical stretching, asymmetrical stretching, and scissoring bend.

The remaining bands were found toileactive.

Table 9.1: Fundamental Vibrations of the 8btoup(Socrates 2001; McKenzie 2002)

Band Wavelength Region (crit) Relative Intensity
Symmetrical Stretchingv) 28702840 (2855) m
Asymmetrical Strathing () 29402915 (2925) nm-s
Scissoring Bendd) 14801440 (1460) m
Twisting Bend @) 13501150 (1250) [
Wagging Bend ¢) 13501150 (1250) [
Rocking Bend §) ~720 [

Vibrational intensities have generally been overlooked or neglected in tlysisid vibrational
spectra(Socrates 2001) Since relative intensities are primarily functions of the atom specific
dipole changes caused by the vibration of the corresponding bonds, it follows that their size and
shape are indicators of molecular aretture. Although many texts list these intensities in
subjective terms due to instrumentation flexibility, their relation to one another can be objective
(Socrates 2001) Workman and Springsteen (1998) noted that these peaks are generally

calibrated lased on a linear relation to the area under the peak or a polynomial relationship to the
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height of the peak. Based on these observations, a quantitative description of the size and shape

of absorption bands is proposed in Table 9.2.

Table 9.2: Approxirations of Transmittance of IR/NIRctive Tones(Socrates 2001; Workman
and Weyer 2008)

Relative Intensity Peak Transmittance Transmittance Shape
S 10% Normal
m-s 30% Normal
m 50% Normal
m-w 70% Normal
w 90% Normal
br n/a Inverse Beta (square)
sh n/a Y>Var. Normal
d n/a 2, ¥2Var. Normal
[ 100% n/a

The peak intensities are scaled fromal@% transmittance, depending on the level of

absorbance. Avindicates 90% transmittanag;w a 70% transmittance, and so on.
Rule 19. The peak intensities are scaled according to transmittance, as shown if.Zable

The shape for the absorbance/transmittance of the tone is determined using probability theory,
where normal distributions are fitted to the mean of each transmittance, with the ranges of the
wavelength region listed in the texts marking the 95% pmtibainterval. Thus, thes standard
deviation for the response is calculated as:

/UL _ /LL
S=E——— 9.5
4 (9.5)
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where PP*NCE s the difference between the expected regions of the upper and lower
absorbances/transmittances. The transmittance probatbdityes are given as a normal
distribution:

(/- /bar)z

e > (9.6)

fabs: 1

Voo &

where / is the wavelength where the absorbance/transmittance ocaffsis the peak

wavelength location, anif™is the proability density function. These values can then Bedsca

using the peak transmittances associated with the tone.

T T T T
Ppeak- P25 _ Ppeak_ P
abs abs g abs abs
fpeak- f2s fpeak' f

(9.7)

For situations where no range is listed, such as for the retlend vibration of 720cthin

Table 9.1, a range of +10¢his artificially applied.

Rule 20. A normal distrbution is used to approximate the shape of an absorbed tone,
spanning the range listed in the text. For situations where no range is listed, a

range of+ 10cmi is artificially applied.

Occasionally, the transmittance (absorbance) is notetl sisarp. For this situation the range is
narrowed by reducing the equivalent standard deviation by half. When the transmittance tone is
listed as abr broad absorbance, an inverse beta distribution, defined by two positive shape
parameters, known ag and 6 which are each set to 0.5, is utilized. For simplicity this
distribution is best approximated using a square estimation, spanning the identified range.
Occasionally, the absorbance presents asdaublet, which can be handled by splitting the

distribution irto two, half variance normal distributions centered around the doublet peaks.
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Table 9.2 lists various approximations of the transmittance types noted by Socrates (2001) and

Workman and Weyer (2008).

Rule 21. A normal distribution with half the variance is usedapproximate the shape of
sharp tone and an inverted beta distribution ativ=0.5 is used to approximate

the shape of a broad tone.

Once the fundamental tones have been identified, the overtones can be estimated from Workman
and Weyer (2008). As ted in Table 3.1, beyond thé%vertone the relative intensities of
absorptions are sufficiently small as to be negligible when combined with the fundamental tones

found in the IR frequency range.

Rule 22.Using Eq. 3.33, the locations of th& and 29 overbnes are calculated for the

fundamental tones identified in Rule 18.

The overtones are then crasderenced to find the physically active tones. For the CH
methylene group, Workman and Weyer (2008) identify*aotertone peak of asymmetrical
stretching (2v,) and symmetrical stretching\ at 5671 crit and 5680cr, respectively(Tosi
and Pinto 1972; Buback and Harfoush 1983)The remaining scissoring bend first overtone
(2d) in Table 9.1 was inactive according $ocrates (2001) For the second overtone region,
both stretching vibrations 8 3v.) occur between 8389¢hto 8247cn, depending on the
influence of any methyl groups in the sample, which is addressed thingglgdr ordered group
contributions(Workman and Weyer 2008)The scissoring bend%overtone (%) was inactive.
This result was expected since thiieéolertone band was also inactive, and, according to Table
3.1, the intensity was expected to be even smallethie higher overtone. This observation is

stated as Rule 23.
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Rule 23. Once a tone has been labeled inactive, all higher ordered tones and combination
tones utilizing the inactive tone shall also be considered inactive. This rule will
not apply to combinationsvolving two different bond tones, even if one of them

is inactive.

In addition, the proximity of fundamental asymmetric and symmetric stretching tones
also gives rise to a strong combination band+(vs) at 5800crit (Buback and Voegele 1993)
This combination tone has been shown to move slightly in linear abpt@mpounds due to the
influence of methyl groups, but can be accounted for using higher order contribution corrections
which are later described in Eq. Q\8/orkman and Weyer 2008) Other combination bands
include fundamental stretchifgending combinations of+ d andv,+ @ at 43364332 cni and
42574262 cn', respectively. Also, a doublet form a first overtone uncoupled stretch plus a
fundamental bending combination is also prevalent at 7186um 7080 cii (Murray 1987)
A number of weaker combination bands containing inactive fundamental bands can be found in
the area between tHist combination and first overtones ban@gorkman and Weyer 2008)
The final, combined IR & NIR methylene Gldroup spectrum is shown in Table 9.3. A list of

other groups can be found in Appendix A6.

Table 9.3: Thé®erived IRAbsorptionSpectrum for the CkiIMethyleneGroup.

Band Wavelength Region (crit) | Relative Intensity & Shape
Symmetrical Stretchingv) 28702840 (2855) m
Asymmetrical Stretchingvf) 29402915 (2925) m-s
Scissoring Bendd) 14801440 (1460) m
1! Overtone Asym. Str. () 56815661 6671) w (in NIR)
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1% Overtone Sym. Str. (® 56905670 (5680) w (in NIR)
2" Overtone Asym. Str. (&) 83998379 (8389) mw, sh (in NIR)
2" Overtone Sym. Str. ®) 8257-8237 (8247) mw, sh (in NIR)
Combination ¥, + vs) 59005700 (5800) mw (in NIR)
Combination s+ &) 43364332 s (in NIR)
Combination Y.+ d) 42624257 s (in NIR)
1*' Overtone Comb (2+d) 7186- 7080 mw (in NIR)

One of the important observations concerning vibrational spectroscopy is that the
strength of the absorption is dependent on botltyje of vibration and the number of times the
vibration appears in the molecular architect(®ecrates 2001) This conclusion lends itself
easily to concept of additive absorption peaks. Unfortunately, as noted earlier, not all intensities
are directlyadditive; some locations of absorptions move and some intensities only change at a
fraction of what is expected. That is because the intensity of the band may also indicate the
presence of certain atoms or groups adjacent to the functional group relgpdasilthe
absorption ban@Socrates 2001) To account for this behavior™23° and other higher order
group contributions can be utilized to provide corrections to therder group contributions.
Marrero and Gani (2001), amongst many otl{@aback and Reid 1983; Joback and R&87]
Constantinou et al. 1996)entified several? and 3 order group contributions typically found
in thermodynamic databases. As discusse@hapter8, a method to identify the"®order
groups from I order groups was developed by Chemmangatappil et al. (2009) and
Solvasonet al. (2009) to aid the product developer. These techniques can also be used in the
development of IR/NIR characterization groups. For examypie@anol contains the following

1% order groups: 2 methyl GHyroups, Imethine CH group, and 1 hydroxyl OH group. It also
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contains the ' order secondary alcohol CHOH group. TH& &der group is necessary since
the hydroxyl OH group induces a strong dipole in tiethineCH group and, as a result, the
location and intenses of the IR and NIR absorptions are affected.

Although an effective method of correcting for interactions between groups, simply
developing the IR/NIR parameters for only the groups identified in the GCM limits the scope of
this method to the desctipn of molecular architecture to that of small molecules, and polymer
backbones. In order to expand the method to include other architecture information provided by
IR/NIR spectroscopysuch as information on interand intramolecular hydrogen bonding
(Socrates 2001 )polymorphic crystal structurgsalari andyoung 1998) and many otheyst is
necessary to reformulate the group contribution approach in terms of Eq. 9.7. In this
formulation, the first term is the*lorder group contribution and the second tekris a
combination of the corrections from all higher order contributions, including those specific to

molecular architecture existing at larger length scales.

f(X)=4 N, (C, +k,) (9.8
The parameters of the corrections can be estimated in two wiayshe first method, the
fundamental, combination, and overtones of each higher order as defined by
Chemmangattuvalapp#ét al. (2009) Marrero and Gani (2001l)and/or the researcher can be
estimated using the rules outlinedrlier in this sectian Although this result gives accurate
results, it is quite tedious. The second method is simpler, but has greater potential famderror
can lead to degeneracyln this method, progressively larger groups completely contain the
information of the smaller grgs, but also contain corrections fof arder, & order, structural,
and orientation effects. The specific differences between the orders of the groups are not

quantified directly, but rather different groups containing various levels of information are
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developed. The groups dneerarchicalin nature, with the groups containing the higher ordered
information preferred over the groups containing lower orders. For example, in the
determination of the IR/NIR spectra forp2opanol, a second order CHOHogp would
completely replace the CH and OH first order groups since it already contains their information;

plus it contains additional information on the induced dipole interaction.

Rule 24. A hierarchcal group structure is created such that higher order groopsin

interaction information plus lower order group information.

As a result, the best model of the molecular architecture is achieved by specifying the largest
functional group first, then the second largest, and so on. In most cases, a higher order

functional group will completely overlap lower order functional groups.

Rule 25. When one group completely overlaps another group, the larger group will be
chosen for the design. As a result, the largest functional group is specified first,

the next largest sead, and so on.

In some situations only partial overlaps may occur. In the GCM method proposed by Marrero
and Gani (2001) and reviewed @hapter8, 1° order groups are not allowed to partially overlap
while 2% order and higher groups are allowed ttjally overlap. The assumption made by
Marrero and Gani (2001) is that any error from double counting "bfo@ler effects is
outweighed by the errors associated with failing to account for second order effects when they
do, in fact, exist. For the cracterization based group contribution method (cGCM) proposed
here, no partial overlaps are allowed since the contributions ffbamd 2 order and higher
groups cannot be separately adjusted without rewriting the currenpsthteart combinatorial

algorithm. Since the method will fail to specify any corrections to the first order combination at
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the overlap interface, groups are built such that the combinations occur across the minimum

number of GC bondgMarreroand Gani 2001)

Rule 26. Candidates with partial overlaps should be reconfigured to lower order groups
containing the minimum number of bond connections and maximum amount of

information.

For example, isobutanol can be built from a multitude of groups, imgucbmbinatios of the
following: a methyl CH group, methylene CHgroup, a methine CH group, an alcohol OH
group, a secondary alcohol CHOH group, a primary alcohalOEHgroup, anda terminated
primary alcohol RR,CH,OH. Figure 9.3 outlines 6 potentiaethods of combining the groups
to build isobutanol. The first method uses orifyolder groups, and has the minimum amount of
information available. The second and third methods use a combinatichamid12 order
terms, introducing some interagticorrections. The"4method incorporates somé& ®rder
information, but contains two-C bonds over which no interaction information can be obtained.
The 8" method represents the best available combinatisingonly one C-C bond andwo 2™
order goups. Finally, although thé"énethodcombines a ™ order and % order group and has
only 1 bond connection, it also possesses a partial overlap which cannot be handled with the
cGCM algorithm although it is handled the traditional GCM algorithm (Mrrero and Gani

2001).
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Figure 9.3: Potential @mbinations of IR/NIRGroups forBuilding Isobutanol.

Occasionally, bonds will need to be built across other atoms, like-theb@nd in an aliphatic
ether (O-). For this reason, an additional stmaint is applied when building molecules

involving this group such that it must be attached to the carbon atom in other groups.

Rule 27. Candidate molecules can also be built over aliphatic ether greGps (hich
contain bond information between the O atamd two C atoms. As such, the

ether groups can only be attached to the carbon atoms of other groups.

One of the benefits of using characterization based combinatorial methods is the ability to

handle information unique to the characterization. Foants, IR/NIR spectroscopy not only
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provides information on the functional groups within the molecule, but also can provide
information on stereoregularityZerbi et al. 1965; Socrates 2001; Solvaset al. 2010),
hydrogen bondingDesiraju 1996; Workman and Weyer 2008; Izutsal 2009) solid particle
shape/siz€O'Neil et al 1998; Ndindayinet al 1999; Sorenseet al 2006; Almaya and Aburub
2008) polymorphism(Deeley and Spragg 1991; Kondo 1997; Noetsal 1997; Salari and
Young 1998; Yuet al 1998; Nikonenkeet al 2002; Abebeet al. 2008)and crystallinity(Zerbi

et al 1965; Salari and Young 1998; Seysral 2000; Stephensoat al. 2001) This extra
structural information can be made to enhance the understanding of the molecular architecture.
For instanceO 6 N eti al(1998) demonstrated how bulgroperties such as particle size and
porosity can influence IR/NIR spectra. In agreement with Mie theory, the reflectance of the IR
spectra varied with the mean particle size, although the particle shape also had a large influence
(Ciurczak 1987; O'Neiet al 1998) In partialar, the baseline NIReflectanceelevation was
observed to decrease as the particle diameter incréalseleet al 2008) Abebeet al. (2008)

also noted that the more ngpherical the particle is, the more muted the elevation of the NIR
spectra. Beyond the bulk properties of the particle size and shafgenmcrostructure. In
general, theparticles may be of granule or crystalline form. In the granule form, multiple,
alternating layers of amorphous and crystalline regions are present. The crystalline form is
generally treated as a single polymorphlthough some progress relating specific crystallinity
bands to particular NIRvasmade by Zerbi (1965), the results still remain case specific. At the
present time, xay diffraction (XRD), wide angle-xay spectroscopy (WAXS), and small angle
x-ray speatscopy (SAXS) remain the preferred methods for developing the crystalline

structure.
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As opposed to the group combinatorial approach outlined earlier, there is not a distinct
hierarchy for which to add a diameter effect, nor is there a distinct partzgeasiwhich a
particular IR effect is observed across all molecules. Rather the effect is relative to the overall
baselinereflectanceabsorbance on a cabg-case basis. This is beneficial to the combinatorial
approach used in mixture and molecular glesi For example, diffuse reflectance is one of the
six ways in which an incident EM wave can interact with a material; it can also be absorbed,
transmitted, diffuse transmitted (i.e. scattered), specularly reflected (i.e. regular reflected), and
retrorefected back to the sour€@&/orkman and Springsteen 1998 most instances for IR and
NIR spectroscopy, only three of the modes are observed, transmittance, absorbance, and diffuse
reflectance. In most cases, a reflectadbsorbance response (e.gg.FB.4) is obtained by
applying Eq. 3.29 to the reflectand@”) instead of transmittanc®{). It has been shown that
NIR wavelength diffuse reflectance exhibits an inverse relationship with mean particle size in
agreement with Mie theor{O'Neil et al 1998) The reason for this is that as tharticle
diameter increases, the total volume of the sample does not, meaning that void space increases in
the sample which, in turn, decreases the pathlength of the EM signal and its restidctgd
absorbance. In similar fashion, the increase in gpigce also results in fewer solid particles
reflecting the EM signal, leading to a lower diffuse reflectance. This phenomenon is sometimes
referred to as baseline elevation, which results from systematic error inherent in the
spectrophotometer, and isrfted using linear regression baseline fitting. For particle &jze
O 06 N etiall (1998) and Abebet al. (2008) showed that a line can be fit to two regions of the

spectrum in order to calibrate the spectral response:

Ind, =h, +bR* +b,P] (9.9
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where each regression coefficient is species dependent and the two centered reflectance
wavelengthsR") were chosen by searching for the combination that provided the minimum error
of calibration for a Kubelkdunk function (O'Neil et al. 1998) The quadratic least squares
inverse ofEq 9.9is most usafl and can provide particle diameter corrections for specific types

of molecular architecture. In particular, models can be built for complex mixtures when only
some of the constituent concentrations are known; the only requirement being the seléicon of
appropriate wavelengths that correspond tor#flectedabsorbances of the desired molecular
architecture(Workman and Springsteen 1998)his requirement results because the baseline
elevation of the intensity of the refleckabsorbancerespons is not constant across all

wavelengths as shown in Fig. 9.4 (Abelval.2008).

1.6
14 - "_n-t-.—'-..' - T ———
121 33 um
ol 1
@ 50 um
2 08p
(@]
3
< 06 70um
04 =
= 158 um
0.2 104 um 211 um
g ____ Saturated solution
0 =_ = 1 1 1 1

12000
11589 |
11179 [
10768
10357 |
8714 |
8303
7892 |
7481 |
7071
6660
6249
5838
5427 |
5016 |
4606 |

Wave number (cm™)

Fig. 94: Raw, Uhscaled NIRReflectedAbsorbances ofI8rries ofL-Glutamic Acid Crystals at
Different Diameters (Abebet al.2008)
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As a result, corrections for pae diameter may be assigned to specific groefbected
absorbances provided baseline elevation expressions or responses are available. Unfortunately, in
order to ensure a unique description of the inverse of Eqg. 9.9, the number of samples used in the
training set, usually 3®0, would then represent the maximum number of descriptors that could
be fit. In otherwords, a full description of the spectroscopic molecular architecture would require
a probibitively large training set which, by extension, woulttaduce colinearity into the
solution resulting in an ovdit and poor predictive description. A better way to capture this
information is to make use of eigenvector quantitation (i.e. decomposition) to find a latent sub
domain that contains all moleeularchitecture information. This approach works well within the
reverse problem formulation since the objective is to find a computationally efficient method of
systematically determining the molecular architectures that deliver a set of desired property

attributes.

9.1.2. Developing the Latent Property Domain

Although the IR/NIR characterization based group contribution can handle some
interaction effects within the group structure, the colinearity of larger data sets require the use of
domain reductionechniques. In additiothe IR/NIR characterization based group contribution
method of defining groups in terms of a hieraah structure means that enumeration will
result in multiple candidates with identical molecular architectures with varywejsleof
information. Although it has been shown that this degeneracy can be handled using a set of rules
that help select the best representation of the candidate molecule, separating the effects into
independent spectra is difficult. Furthermore, asdize of the molecule grows, increasing
amounts of structure based information, from simple hydrogen bonding, to crystal unit cell

structure and morphology, will require an exponential, and possibly, case specific rule structure.

294



In order to better handléhese types of interactions, it is suggested that (1) deconvolution
algorithms be applied to better ascertain the effects on the IR spectra or (2) the combinatorial
structure be mapped into a linear gidmain that facilitates an easier computation. TFhis
domain provides both an avenue for combinatorial efficiency and suitable variable structure from
which attributeproperty models can be built.

The applicabilityof vibrational spectroscopgchniquesreconstrained, to a great extent,
by the low reolution of bands in # spectra of complex substan¢d&adleret al. 1989) The
spectra available for identification, such as for the methylene @bup, are considerably
smaller than theactual number of individual componenidNikonenko et al. 2002)
Deconvolution algorithms serve to enhance the absorption spectra in order to better differentiate
the individual absorption bands. The technique works by removing the bandpass function
(similar to a Fourier transform) that naturally smoothes a spé@stader et al. 1989) Two
methods are typically applied, signal space iterative deconvolution and frequency space
deconvolution (e.g. Fourier transform). Although a strong technique, it struggles from subjective
interpretation of spectra. In contrast, ussngecomposition algorithm to develop a sldmain
uses the colinear and convoluted nature of the absorption spectra to build a strong latent property
structure. The choice of the appropriate training set spectra is vital to building the latent variable
structure since the training set defines the molecular architecture building blocks that can be used
in the characterization based GCM (cGCM). The trairdagis also used to handle unusual
interactions that cannot be described by characterization b&s&dl.c These interactions may
include norequilibrium thermodynamic states, instrumentation bias like temperature drift, and
many other types of systemic error. Decomposition algorithm$li& help to neutralize these

types of interactions by usirthe variancecovatance structure to compress the most important
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molecular architecturdata toan underlying latent variable structure while limiting the impact of
the unusual interatciton. As a result, only the interactions identified by the cGCM strigcture a

estimated from the data are included in the design in the latent subdomain.

Rule 28. Only the interactions identified by the cGCM structure as estimated from the

training sedatashould bancluded in the design.

For this method to be successful, multivariatenmadity of the data structure must be
verified. To test the non point estimate of multivariate normality, the square of the generalized
mahalnobis distance is evaluated using the chi square distrigdtbnson and Wigrn 2007)

Under sufficient conditions for normal populations, point estimates of the system can replace the
non point esti mates. The distribution? that
distribution. Multivariate normality is checkeding a gamma € plot of the residuals against

the quantiles of the system. When the line is straight, has a slope of 1 and, contains few outliers,
then it is said to be multivariate normal. If the system is found to not be multivariate normal,
various lInearization functions must be applied, such as mean square, logarithmic, Fisher
correlation, and power transformations, among otl@shnson and Wichern 2007)Once the

system is validated as multivariate normal, itstnbe centered and standardized in order for the
decomposition to be at its most effective. This is accomplished by subtracting the mean of each
property and dividing by the square root of the variance of each prqjzatyielssoret al

2002; Johnson and Wichern 2007)

Rule 29. The molecular architecture characterization data must be verified to be

multivariate normal before any statistical techniques are applied.

Rule 30. The moleclar architecture characterization data should be centered and

standardized prior to analysis with decompaosition.
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Sometimes, when two different characterization data sources are combined, it is better to
standardize and center them separately. This Helpsinimize the systematic noise in the
system that results from the choice of characterization equipment. Examples include IR and NIR
spectroscopy(Gabrielssonet al 2002; Gabrielssoret al 2003; Gabrielssoret al 2004;
Gabrielssonet al. 2006) Dissimilar characterization methods may require a more rigorous
analysis. For example, in the design of an excipient filler for a direct compressed acetaminophen
tablet, Gabrielssoret al (2003) evaluated 28 potential candefa using both IR and NIR

spectroscopy. The candidate fillers can be found in TablgS2Mrielssoret al 2003)

Table 9.4: Filler Candidates for aPharmaceuticalExcipient in a Direct Compresed
Acetaminopheiablet(Gabrielssoret al 2003)

Particle
F|I|_ers Common Type of Filler Moleucular Structure Diameter
[ Name (mm) and
Structure*
Pearlitol
1 SD200 200, 9
Pearlitol
2 250, g
300DC oH o
3 PearDltcc:) 400 Mannitol HOWOH 360, g
: OH OH
Pearlitol 500
4 DC 520, 9
5 C Mannidex N/A, g
6 Avicel PH 50, ¢
101 Microcrystalline o
. Avicel PH y o HO OH.___ 90 ¢
102 Cellulose 10 O\Rjg ' ’
Avicel PH ng °oH OH
8 112 90, c
Avicel PH-
9 200 High Density OH 180, c
. OH
10 Avicel PH- | microcrystalline| o OHO 50. ¢
301 - 0 \Rjg !
11 302 90, ¢
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12 Xylitab DC N/A, g
13 Xylisorb 90 90, c
14 Xylisorb 300 OH OH 250, ¢
15 | Xylisorb 700 Xylitol HOSN O 700, ¢
16 Xylitab 100 on 200, g
17 Xylitab 200 300, g
18 Xylitab 300 150, g
C Xylidex CR
19 16055 200, g
20 Lycatab o 300, g
OH *
MD . o
21 | © ng:;ii Maltodextrin nodearOs /Lot 150, g
C Pharm O on
22 01980 ¥ N/A
C Pharm
23 01983 N/A
24 | Maltisorb P90 N/A
Maltitol
Maltisorb
25 P200 N/A
26 | Promogram W Dextrin N/A
27 |son1181g bC o s N/A
I L DC Isomalt " | |
28 | OO o N o 90, N/A

* Structure types arg granular orc crystalline.
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The IR and NIR spectroscopic images of the first five fillers, derivatives of Mannitol, are
provided in Figure 9.5. Transmittance IR spectroscopic data was measured betweenc$800
cm® and represented as 1997 separate wavelengths, approximaté apem. Reflected
absorbance NIR spectroscopic data was measured between 400 and 2500 nm and represented
1050 separate wavelengths, approximately 2 nm apart. A table of thel IRRrspectroscopic
responses for all filler excipients in Table 9.4 is available in Appendix 5.

The IR and NIR data sets were then standardized and centered separately using Eqg. 9.10

and 9.11and then combined to form the characteristic spectroscopiitepshown in Fig. 9.6.

o abs_ abs

evs = i Pl (9.10)
/SZ,abs

o T _ T

=5 P (9.11)

It should be noted that numberjop absorbance wavelengths are much larger than the number
of i usamples and appear highly correlated, making them strong candifatlecdémposition.
Testing for multivariate normality in Fig. Breveals that the system behaves in a multivariate
normal manner, except for the last two filler excipients of maltodextrin, runs 2Z8which
appear to be outliers in the dataset. Thedaes may indicate a nonlinear relationship in the
data that may artificially influence the definition of latent variable structure. In spite of this
observation, investigation of the IR and NIR sp&gielded no insight into the cause. Further
analyss of the spectroscopic propertiess warranted, but in the interest of matching the results

published by Gabrielssaat al. (2003) these data points were included.

299



IR Spectra

100
920
80
70
— Pearlitol
SD200
60 °
— Pearlitol o
300DC é
Pearlitol 50 E
400DC 2
\ o
——— Pearlitol A { 40 F
500DC
— C Mannidex
30
20
10
0
S S N B S W w w w w N N N N N = = = = = o] D
o) (o2} B N o o] [o2] B N o o< (o) EN N o forl [e2} B N o o o
o o o o o o o o o o o o o o o o o o o o o o
o o o o o o o o o o o o o o o o o o o o

Frequency cm-1

NIR Spectra

— Pearlitol
SD200

— Pearlitol
300DC

Pearlitol
400DC

Absorbance

~ Pearlitol
500DC

— CMannidex

oy (2] o] = = = = = ) N N N
S S S 8 8 S g 8 S g g g

Wavelength nm

Figure 9.5: (a) IRTransmittance and (b) NIReflectedAbsorbanceSpectra for Manriol
(Gabrielssoret al. 2003).
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Figure 96: p-Standardized and Centered IRamsmittance and NIReflectedAbsorbance filler
excipient spectr@Gabrielssoret al 2003)

Figure 9.7: The Gamm@-Q Plot for the Filler Excipients Presented by Gabrielssaat al.
(2003)

Once the system is determined to be multivariate normal, a variety of decomposition

techniques exidb aid in the reduction of the numberjob properties describing the system to a
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