Introduction

“Slowdowns in business and consumer activity and closures of
physical workplaces have given many companies a kick in the pants

"

they need to speed up their pace of digital transformation”.

Materials Science companies are no exception. As an industry, the

manufacturers of specialty chemicals and advanced materials have

been notoriously slow to broadly embrace the digital technologies

that have profoundly benefited other sectors. The time is now. The
technologies that will revolutionize the industry are already here.

R&D organizations in advanced chemical manufacturing must

find ways to improve efficiency in an increasingly challenging
environment. Workforces are highly distributed and must find
novel ways to collaborate remotely. The complexity of novel
materials and advanced formulations drives the exponential growth
of the number of experiments required to deliver a breakthrough
product. Careful design of experiment (DOE) is essential to
containing cost and time-to-market. Evermore sophisticated testing
equipment and analytical techniques drive an even larger explosion
of the size and complexity of the result sets to be processed.

New algorithmic approaches based on advanced statistics, machine
learning and artificial intelligence are widely touted as the solution
to this data processing challenge, but pragmatically, they have so far
remained out of the reach of the average R&D scientist or engineer.
Even after a carefully designed experiment, and an efficient way to
process the test results, the most critical challenge still remains —
selecting the best material to bring to market. In simpler times, that
decision could be made by jotting down a handful of results on the
back of a napkin, but with the aforementioned data explosions,
correlating variations in composition and preparation against a
multitude of test parameters requires truly sophisticated analytics,

visualization and decision support tools.

PerkinEimer
For the Better



The good news is that while the demands of fast paced global
collaboration, the complexity of data, and the challenges of
material selection continue to evolve, so has a new breed of digital
technologies. Interestingly, the new capabilities that will differentiate
digitally enabled R&D organizations in materials science companies
are rooted in technologies invented well outside the scientific realm.

Digital transformations are often a journey. Sometimes they involve
drastic change, such as moving from paper-based record keeping
to electronic based systems. But oftentimes they represent more of
a "Digital Evolution” —modernizing existing electronic systems and
processes to take advantage of evolved technologies.

The Software We Use at Home

The past two decades have clearly revolutionized the way we use
technology, at least in our private sphere. The web sites and apps
we use in our daily lives to shop, bank, make travel plans, and
even date one another, have all been fueled by profound advances
in connectivity, computing power, and software design. The
applications we use at home all have several things in common.
They are easy to learn. They are easy to use. They are fast. They
make previously complex and tedious tasks much more efficient
and convenient. In contrast, many of the tools we use at work

are overly complicated, arcane, slow, and inefficient. Twenty years
ago, “Enterprise” software systems were the gold standard for
cutting edge technology. Today, we all wish our corporate databases
and data processing systems were more like the internet-scale
applications we carry in our pockets outside of work. Google,
Amazon, Facebook, and Linkedin can find exactly what we are
looking for in microseconds. Yet a formulation scientist struggles
to use internal LIMS systems to find results from an experiment
performed last year.

It is this kind of “Digital Evolution”, taking advantage of core
technologies and principles invented by the internet and social media
giants, that now presents an opportunity for a strategic inflection
point in the way advanced materials manufacturers will approach
their R&D challenges.

The Make-Test-Decide Cycles

Regardless of where a scientist or engineer is located on the R&D
spectrum -- from the planning and design of synthesis experiments,
to the development and execution of material testing methods, to
the ultimate goal of identifying and selecting the best formulations
to bring to market, -- their work process can be greatly simplified
into to a series of Make-Test-Decide cycles.

While reducing all R&D activities in the development of advanced
materials down to the Make, Test, or Decide phase is a gross over
simplification, it is very useful to do so in order to understand the
key capabilities and technologies that will be required to achieve
a successful digital evolution. Let’s start breaking down what
happens in each phase of this virtuous cycle, so as to figure out
how to improve it.
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Figure 1. A virtuous Make-Test-Decide workflow.

What Gets Made

Advanced materials design is an incredibly broad field. The range of
material types produced, synthetic techniques used, and formulation
processes applied is truly expansive. It covers many diverse industry
sectors, such as: Specialty Chemicals, Polymers, Synthetic and
Natural Rubbers, Ceramics, Plastics, AgroSciences, Flavors and
Fragrances, Food and Beverage, Oil and Gas, etc.

While the specifics can change drastically, between making a bio-
degradable plastic, an herbicide, an aerogel, or a perfume, the core
scientific process is the same.

It begins with ideation, followed by description of a hypothesis, design
and documentation of the synthesis or formulation approach, careful
research and documentation of preexisting materials or patented
processes, intricate experimental design, followed by collaborative
execution, and all hopefully culminating with creation of novel
materials. The goal is not just to generate a single new compound
or formulation, but to generate variations and permutations of the
new material. The variations can arise from modifying the molecular
composition of pure substances, or by varying the relative composition
and/or process parameters of a mixture of components. The primary
output of the Make phase is therefore collections of compounds or
formulations to be tested for purpose.

The two most critical capabilities required for a successful Make
phase are: good documentation practices and agile communication
of ideas and tasks. The time-tested documentation best practice

for scientific research is the “laboratory notebook”, a generic term
meaning the “record of an experiment”. It dates back several
millennia, and it has served us well. It has proven durable and
accurate way to memorialize and reproduce scientific discovery. Its
weakness has always been accessibility of the information. With the
advent of digital laboratory notebooks over the past two decades,
came the promise of improved data accessibility.



The benefits are self-evident. Collect your experimental record in
digital content, stored in a central database, instead of in stacks of
paper notebooks, stored in the proverbial “Iron Mountain”, and you
will be able to access your entire scientific knowledge with a few
clicks of the keyboard. The impacts of improved accessibility can be
drastic. First by avoiding unnecessary and expensive delays incurred
by repeating experiments that were previously performed. Second,
being able to find critical documentation to successfully defend a
discovery during patent litigation. But the promise of accessibility
was never truly fulfilled by the first generation of electronic
laboratory notebooks.

First generation electronic notebooks were good at taking in data.
Not so good finding and getting data out. Part of the problem
comes from the need for flexible data input. The e-notebook must
allow the scientist to collect data freely, without being overburdened
by organizational structure. Traditional database technologies

used by e-notebooks could cope with loosely organized data but
struggled with the complex queries required to find and retrieve it
later. This was particularly true for large corporate systems that can
accumulate tens of millions of incredibly diverse experiments over
decades. Archiving old experiments was a bad practice, as the goal is
to be able to find any previous experiment, no matter how old.

Think of how different synthesis and formulation processes can lead
to very different ways in which laboratory scientists need to be able
to organize the myriad of documents that comprise the experimental
record. The most common approach to provide flexibility was to
allow the user to define complex hierarchies of arbitrary nested
folders. Folders could be used to organize content by project,

by notebook, by department, by scientific discipline, by scientist,

by synthetic technique, by material type etc. Such convoluted
collections of nested folders become difficult and inefficient for users
to navigate and for the database engine to traverse. Add on top of
the need to apply security rules that ensure that only certain users
can see certain content and it leads to fully digital notebook systems
that still fall short in delivering the critical data accessibility.

But wait a minute. Tens of millions of scientific records is really not
that much data, especially compared with the volumes handled by
Google, Amazon, Facebook and the like. The volume and complexity
of the electronic notebook data can simply not be used as an excuse
to explain the shortcomings of many electronic notebooks. The
difference lies in both the technology and the approach taken by the
internet giants to ensure fast query response at any data scale.

From a technology perspective, the secret sauce is to stop using
databases. Traditional databases were designed at a time where
disk storage was expensive. One of their main concerns was to
optimize the amount of disk used by your data, often at the expense
of how long it took to get it back out. Google doesn’t crawl the
web looking for pages to stuff into a database. It just copies the
page content directly into their “hard-drives” and then it builds an
“index"”. Just like the index in the back of a book allows you to
quickly find the right page to start reading, the digital index is much
smaller than the original data and can be traverse very quickly. Most
importantly it can be distributed across many different machines
making every query lightning fast.

From a process perspective, modern internet scale systems have
moved beyond the nested folder organization paradigm into the
more flexible and scalable “tagging” approach. Instead of organizing
content into folders, these new systems decorate the content

with organizational tags. For example, they might designate the
experimental apparatus write up for a biopolymer synthesis as being
relevant to a particular department, being owned by a specific PI,
being part of specific project or initiative, and being sharable with

a given internal or external collaborator. It's like the document can
be simultaneously inside multiple organizational folders at once,

but you never have to navigate any folders. Most importantly, the
organizational tags are can be readily added to the digital index
replacing clumsy navigation and costly hierarchical database searches
with very efficient index lookups.

Beyond the durability and accessibility of the experimental record,
efficiency in the Make phase is greatly impacted by the R&D
organization’s ability to collaborate and to communicate ideas, as
represented in the circular arrows in the above Make-Test-Decide
diagram. A modern electronic notebook must help expedite
communication at multiple levels. At the day-to-day level, this
implies being able to rapidly communicate with peers for assistance,
advice, and review of ongoing work. Beyond the team level it means
being able to more formally and effectively request tasks across the
organization, such as: detailed characterization of materials from an
expert analytics team, sample preparation from a test logistics team,
or test execution by a quality team. Once again, much can be gained
here by exploiting the modern communication features of the
applications we use a home. In-app notifications, built-in messaging,
and in-line commenting directly within the experiment, plus flexible
request and task management embedded within the electronic
notebook workflows greatly improve efficiency and accuracy during
materials design and synthesis. An even more critical aspect is the
efficient documentation and communication of the intellectual
property generated by the R&D teams. This often takes the form of
painstakingly prepared patent submission reports. A well-designed
electronic notebook practice should enable the generation of
standard patent submission reports at the click of a button.

A good laboratory notebook practice is not the only tool required
for improved efficiency in the Make phase of advanced materials
R&D, but it is by far the tool that will have biggest positive impact.
Well organized paper notebooks are not enough, especially

if they eventually locked away in inscrutable iron mountain.
Electronic laboratory notebooks are now essential. Selecting a
vendor that has evolved to use modern technologies and software
design approaches from the internet giants will confer research
organizations a demonstrable competitive advantage.



The Test phase of our Make-Test-Decide virtuous cycle also has
significant commonality across many materials science segments.

The specific testing instrumentation can be drastically different for
assessing a perfume formulation than for establishing the rheometric
properties of synthetic rubber or determining the thickness of a
polymeric coating. Likewise, the analytical instruments used across the
industries will vary substantially, as will the data formats generated by
disparate analytic techniques ranging from mass or IR spectrometry,
to chromatography, to x-ray fluorescence. But at the core, the key
activities remain the same across industry, material, or test type.

First, before any testing activity can begin, a “Method Development”
phase is required. The right approach to designing tests, also known
as “Design of Experiment” or DOE, will have a profound impact on
both the time and cost of bring new products to market. What's
common to all types of material testing is the multi-parametric
nature of test conditions. Whether it is pressure, temperature, time,
frequency, number of cycles, or order of steps, a successful design

of experiment requires careful planning and consideration of which
permutations of parameters to test. Each individual test incurs a
penalty, both in terms of time and money. Minimizing the number of
permutations, while ensuring sufficient variations of test parameters
to fully explore the potential of a novel material is therefore the first
critical capability in the test phase.

Historically, DOE was seen as more as an art than a science.
Experts, who understood the materials and testing techniques
could judiciously determine the correct set of parameters and
permutations to test. With the complexity of new materials, and
the increased automation of testing platforms, a more rigorous
DOE approach is now paramount. Test parameter optimization
should be based on quantitative statistical approaches and
intelligent algorithms, not on human bias.

Once an optimally designed experiment is completed, the challenge
becomes in processing the raw test data into intelligible scientific
results. Regardless of specific instrument or technique, this data
reduction process invariable involves common steps such as: data
parsing, data normalization, data validation, statistical process
control, dimensionality reduction, linear and non-linear regression,
and many other forms of mathematical modelling, up to and
including supervised machine learning and Al.

Depending on the complexity and scale of the datasets, this step
in the Test phase can become a significant bottleneck in the new
product discovery. No matter how complex, the statistical protocols
and algorithms do not confer a key competitive advantage. They
are almost always pioneered by academic institutions, typically well
documented, and made available in the public domain. The key
differentiator for data processing in advanced materials industries
comes down to the flexibility, usability and reproducibility afforded
by the data processing tools.

Pragmatically, there is a real tension between the above adjectives
(flexibility, usability, reproducibility). Broadly speaking there are two
types of software applications widely used in this space: Generic
and bespoke. In the generic category are tools such as Excel, Jmp,
and Minitab. They enjoy very wide adoption across materials science
industries, primarily because of their flexibility and relative ease of

use. They are not designed to solve a specific problem or a narrow
use case. Instead, they can be effectively used for a variety of simpler
problems. Their features are basic and hence easy for non-expert
users to learn. But that ease of use comes with two significant
compromises. First, because users often limit themselves to the most
basic capabilities within the tools, the power and value of the data
processing tends to be limited.

There will certainly not be much truly advanced machine learning

or statistical modeling coming out of the use of these category of
tools. Second, and most important, is a sacrifice of reproducibility.
These generic tools lack the data governance required to ensure that
calculations and data processing pipelines are fully documented and
repeatable. Costly mistakes and delays in bringing new materials to
market can often be traced back to inconsistent use of generic tools
in producing and reproducing key scientific results.

In the bespoke application processing category, the trade-offs are in
the opposite direction. Bespoke applications are built by experts in
specific instruments or scientific techniques. They can include very
sophisticated and advanced algorithms to solve very unique data
processing problems. Because of their limited scope, there tends

to be proliferation into a hodgepodge of applications each with its
narrow purpose. Bespoke applications are inefficient in two different
ways. First, they require extensive training and retraining on a
substantial number of completely different software packages, each
with different usability challenges.

Second, bespoke applications are by definition limited by the
particular feature set implemented by their provider. They are slow
to evolve. As new data processing techniques and approaches are
introduced as small changes are needed in the way a particular data
set must be handled, they require a costly and time-consuming cycle
of feature development and delivery. Simply put, they become “non
usable” for any feature outside of their limited feature set.

The ideal scientific data processing system should not compromise
amongst the flexibility, usability, and reproducibility dimensions.

It should not sacrifice flexibility to drive ease of use. It should

not sacrifice advanced capabilities that may confer a competitive
market advantage. It should be easily usable by technicians and
engineers with minimal training. It should provide governance
over calculation pipelines to guarantee reproducibility of scientific
results. These are certainly a challenging set of goals for a single
data processing tool to deliver, but we can once again learn from
the modern approaches in software design and delivery pioneered
by the likes of Apple and Google.

The modern approach for scientific data processing should rely on a
truly extensible platform coupled with an “App-Store-Like” modularity.
The formulation scientist or test engineer should be presented with
narrow, task specific, and easy-to-use software interfaces that will
enable them to complete even the most complex data transformation
tasks. Launching and using a data parsing, ANOVA, PCA, Clustering
or DOE tool should be as intuitive as launching an App on your
phone. The mapping application on a smart phone integrates very
complex communications, calculations, and data integration, yet it's
trivial to use with the click of a tiled icon.



Likewise, the user interface for even the most complex calculations
should guide the user to answer only pertinent questions, and
results should be reported in rich, interactive visual formats. For
complex, multi-step data processing scenarios the user should be
able to compose, or string together a series of integrated Apps each
accomplishing their narrow goal. Finally, to ensure reproducibility,
the platform should ensure that all processing protocols are stored
and versioned, and that all calculations can be easily modified and/
or reprocessed against the original or modified raw data.

The modularity and extensibility of the application should
allow organizations to integrate with public or private external
algorithms and to create or commission custom App modules
to gain additional completive advantage. In summary, a fully
evolved digital evolution in scientific data processing should
provide out-of-box capability to democratize access to even the
most complex calculations, while remaining open to extension
and customization without vendor lock-in.
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The impact of good documentation and communication
practices during the Make phase, coupled with extensible, user
friendly and reproducible data processing capabilities throughout
the Test phase can have a profound impact in the efficiency and
speed to market in all advanced materials manufacturing sectors.
But Make and Test are just the means to an end. The ultimate
goal, and the step where most of the value can be realized is

in the Decide phase. A well designed and executed experiment
typically results in a collection of subtly different variations of the
target material. Changes in composition, process parameters,
and even order of addition may result drastic changes in the

Morphology of the material. Morphology, in turn, drives the
desirable properties for a particular market application. The Test
phase will yield detailed observations of all applicable properties
across all variations of the novel material.

The relationships between a material’s morphology and its
properties is often complex. Selecting the best material for a
given purpose or application involves a challenging compromise
across a large number of parameters. In addition, the parameters
are not just limited to the physical or chemical properties of the
material. Pragmatically, the selection of the best materials must
also take into consideration commercial aspects such as price,
complexity, and feasibility of the manufacturing process.

In a world with relatively simple materials and a limited number
of properties and commercial factors of interest, this type of
multi-parametric optimization could be performed by inspection
of a simple Excel table summarizing each candidate material. A
knowledgeable material scientist or principle investigator could
simple run their finger down the table and by inspection select
the best set of compromises. However, we increasingly live in

a world where the complexity of the materials, subtlety of the
morphology changes, and explosion of observable properties
and commercial factors available for analysis have all grown
exponentially. Relying on the “run your finger down a table”
method to select which product to bring to market is not

only difficult, it can be dangerous to the business. A miss in
this selection process can lead to very costly investment in the
development of a material that is not truly the most competitive.
Those organizations that evolve to apply more data-driven and
mathematically rigorous approach to candidate selection will
gain the key differentiating commercial advantage.

The tenets for a successful material selection are: 1) efficient
access to all of the relevant data; 2) scientifically expert data
visualization capabilities; 3) advanced quantitative profiling and
scoring algorithms.

Many advanced materials manufacturers still live in a world
where data is laboriously collated and summarized into
project-based Excel files. This reduces the scope of the data
available for material selection to a single project or research
initiative. This narrow data view fails to leverage learnings
across projects, divisions, and time. Transcription errors during
the manual summarization process introduce significant data
quality risks. Over time, consistency of the manually formatted
Excel files introduces further risk and inefficiencies. This
approach of gathering the decision data is neither efficient, nor
comprehensive and can result in significant misses during the
material selection process.

More digitally evolved organizations will have developed data
warehouses. These involve heavy IT investments to extract,
transform and load data from files or LIMS systems into
specialized relational databases. The value-add is significant,
as these analytic data warehouses included a broader view of
the decision data. Also, they are designed to interoperate with
traditional business intelligence reporting tools. However, they
still fall short of the above tenets.



For starters, traditional data warehouses are expensive and hard
to maintain. They can only accept data from the sources and
shapes that were available when database was first designed.
Incorporating data from new areas requires re-design of the
data schema. It is slow and costly to integrate data from new
use cases, projects, divisions, or collaborators. Additionally, the
reporting tools typically used to access these data warehouses,
while well suited for analysis of business parameters (cost,
calendar and regional aggregations, ROI...), they fall short in
their ability to represent the scientific complexity of materials,
morphology and scientific test results.

Scientific Decision Support

Just like it was the case in the evolution of electronic notebooks,
we now have to look beyond traditional databases and data
warehouses to evolve the decision support capabilities that

will most drastically impact specialty chemicals and advanced
materials manufacturers. Once again, Google-like and Amazon-
like indexing can provide a more agile approach to collating data
and making it available for purpose. In this case the data at play
is chemical materials and their measured or calculated properties.
The first advantage of indexing over databasing is its flexibility. A
well-designed index can simultaneously accommodate data from
multiple formats, sources and systems. This may include Excel and

other tabular files, existing file shares or SharePoint sites, electronic

notebooks, LIMS, compound and formulation registries, ERP
systems, and pre-existing data warehouses. It can even reach out

to external or public data sources, thus integrating and collating
all available information for materials and their properties. Utilizing
and index can also change the way users interact with their
scientific results. The process of finding and organizing data for
decision support should feel like “shopping for data”. The ease
with which we locate products on Amazon or determine the best
flight available on Expedia should carry through to scientific result
selection. A formulation scientist, test engineer, or project lead
should be able to quickly filter down the entirety of the corporate
scientific results knowledge to the targeted subset of interest for a
given analysis.

Persist

Compute Find

{5 sonap

O

L4

Compute &
Reshape

#s, Text, Mols,
Sequences

Mechanical

Electrical Thermal

Figure 3. Unified Scientific Results Index.

5.8
B00545,8.

Comparison of Results

Gy,
EReT

200
6425) coney s s 8100 0%

ez

.
v
ParknEmar ignais Agps | Global Seach | Ssar Resuts

=& &5 @ - 0¢

Formulation

Satin (651) BM-00651

;0 1 T
500 10 BI1653

0 a0 D611
050 o 14808-60-1

B0, BN BN 0030 ‘

a0 B0, BN, ENED00SS-.

0 B0 BAIDI0S GMODIOS0T, EMODITS.

s BT, OIS, BN IONCS.

BUB2

w014
5265714 Addiive
Bes21 Addiie
3124565 Addie
Tog-a11 Addiive
6412956 Addire
osa91-11-3 Addite
20262 Addiioe
i Addiie
i.. 1000 sm 6410418 Addiive
w504 Addite

o
3609 05

€< > S

SARTable

aE O

Figure 4. Formulations Analysis Dashboard.



But improving data accessibility alone is not sufficient. The

decision support system must have native scientific intelligence.

For example, in cases where the chemical or biological identity

of a product or formulation component is important, they query
tools should provide chemical substructure or BLAST sequence
search capabilities. Similarly, the system should present results

using chemical structure or biological sequence information in a
rich modern visual environment. This type of advanced chemical
intelligence is simply never found in commercial Bl tools. Likewise,
the analytical capabilities should go well beyond those of a standard
business intelligence or reporting tool. Specialized and interactive
scientific visualizations to explore and uncover complex correlations
between material morphology and properties, or the accessibility to
scoring, multi-parameter optimization, data clustering, and predictive
modeling algorithms must be an integral part of a fully evolved
scientific decision support platform. This is the equivalent of the
Google maps App taking complex GPS location data, geographical
coordinates and streaming traffic data and presenting it in an easy to
use interactive map visualization. Just like you can find your way with
Google maps, you should be able to select the winning materials in
your digitally evolved candidate product selection dashboard.

Recent times have demonstrated the need for digital
transformation, often in harsh terms, including a loss of R&D
productivity. PerkinElmer, a $3+ billion dollar solutions provider
to global pharmaceutical and industrial companies, has an
established, comprehensive chemical informatics platform that
equips chemical companies to adequately handle the entire
make-test-decide process.

1. https://www.zdnet.com/article/covid-19-crisis-pushing-
organizations-into-digital-transformation/

We welcome your comments and questions; email us at: informatics.applied@perkinelmer.com

Online Resources

Informatics overview: https://www.perkinelmer.com/category/informatics
Electronic lab notebook: https://www.perkinelmer.com/category/signals-notebook
Data analytics: https://www.perkinelmer.com/category/lead-discovery

Chemical communications: https://www.perkinelmer.com/category/chemdraw
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