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How to Get Your R&D
Data Ready for Al

A Step-by-Step Playbook for Materials Science Labs

The gap between Al potential and Al implementation in materials R&D is not a
technology problem; it is a data infrastructure problem. Most research

organizations lack the foundational data architecture required to extract
meaningful insights.

The average materials R&D organization unknowingly repeats 15-25%
of historical experiments due to inaccessible institutional knowledge.
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CHAPTER 1

The Structural Challenges in
Materials R&D Data

Materials science operates under fundamentally different data constraints than
the domains where Al has seen spectacular success. Understanding these
constraints is critical to building an effective data strategy.

High-Value, Low- Fragmented Inconsistent
Volume Knowledge Standards
Significant impact from Information is scattered Lacking uniform rules or
few sources. and disconnected. measures.

1 Challenge 1: High-Value, Low-Volume Data

Unlike image recognition or NLP, materials R&D generates sparse datasets
through expensive, time-intensive experimentation. A single formulation study
may represent months of work and produce only 50-100 usable data points.

2 Challenge 2: Fragmented Knowledge Systems

Decades of R&D generate a sprawling ecosystem of data storage that Al models
cannot learn from if they cannot access or interpret it. Consolidation is non-

negotiable.

® Physical lab notebooks with handwritten observations

® Local spreadsheets with inconsistent column headers and units

® Electronic lab notebooks (ELNs) with unstructured free text
Legacy databases with incompatible schemas

PDF technical data sheets with critical supplier information
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3 Challenge 3: The Compounding Cost of Inconsistency

Consider: your organization has tested tensile strength for 15 years across three
regional labs—each using a different standard (ASTM D638, ISO 527, or a mid-
stream switch). All three call the measurement “Tensile Strength.” To a machine
learning model, these are identical. But the values are not directly comparable.
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CHAPTER 2

The Data Standardization Framework

The following sequence is derived from practical implementation across multiple
materials science organizations. Instead of trying to standardize everything
simultaneously, build incrementally on a logical foundation.

o Step 1: Define Core Entities

Before cleaning historical data, establish master lists governing all future entries.
Create authoritative inventories of raw materials, processing parameters, and

material properties—each with a single canonical hame and unique identifier.

Timeline: 2-4 weeks. The upfront investment prevents months of reconciliation
work later.

o Step 2: Resolve Nomenclature Conflicts

Harmonization is tedious but non-negotiable. Examples:

“Water” = “H20” = “DI Water” - Standardize to “Water, Deionized”

“TiO2"” = “Titania” = “Titanium(lV) oxide” - Standardize to “Titanium Dioxide”

Implement unique identifiers (CAS numbers or custom UUIDs). Human-readable

names can vary; the identifier must be immutable.
Critical: Do Not Over-Consolidate Trade Names. “Aerosil 200” and “Cab-0-

Sil M-5" are both fumed silica, but their specific properties differ enough to
impact formulations. Keep them separated in your database to preserve

J*Polymerize - How to Get Your R&D Data Ready for Al 04



J'* Polymerize CHAPTER 2 - CONTINUED

° Step 3: Enforce Functional Categorization

Machine learning models rely heavily on categorical relationships to generalize
across similar materials.

® Organize ingredients into clear functional categories (e.g., Solvents, Surfactants,
Fillers, Polymers).

® A single chemical might have different trade names (Step 2), but the Al needs to
know that all of them serve the function of a “Filler” so it can proactively suggest
viable alternatives during supply chain shortages or optimization tasks.

o Step 4. Differentiate Test Methods Explicitly

This is the single most common failure mode. Every property value must be
inextricably linked to its test method. “Tensile Strength” alone is insufficient.

“Viscosity (Brookfield, 25°C, 60 RPM)”
“Glass Transition Temperature (DSC, 10°C/min heating rate)”

“Hardness (Shore A, 3-second dwell)”

° Step 5. Standardize Units & Document Precision

Select a single unit system and convert all historical measurements to ensure
consistency. Beyond standardizing units, it is critical to document measurement
precision and experimental variance.

Treat Precision as Data: Recording a temperature as “95°C” without noting a £2°C
equipment variance teaches the Al false certainty. Models trained on uncertainty-
aware datasets generate significantly tighter prediction intervals—meaning they
are not just right, they are confidently right.

Preserve Raw Trial Data Over Averages: A single reported value of “5.2 MPa” is
ambiguous; it could represent one test or an average of five. Whenever possible,
retain and input every individual trial result rather than collapsing them into a single
mean. Feeding all five distinct data points acts as natural data augmentation and
allows the algorithm to learn the true variance, outliers, and noise profile of the
physical experiment, rather than assuming a mathematically perfect bell curve.

Capture Hidden Variables: Track metadata such as instrument calibration dates,
environmental conditions, and operator identity to help the Al account for batch-to-
batch inconsistencies.
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o Step 6. Layer in Contextual Metadata

Only after core experimental data is standardized should you enrich ingredient
profiles with supplier-provided data. This is where you explain to the Al why the

distinct trade names from Step 2 perform differently, teaching it underlying physics

rather than just making it memorize brand names.

® Extract properties from Technical Data Sheets (TDS)
® Add empirical chemical formulas to unlock automated feature generation
® Include molecular structures (SMILES, InChl) for organic compounds

® Document supplier lot variability data where available
Note: This metadata must follow the exact same taxonomy and unit

standards established in Steps 1 through 5. Do not introduce new naming
conventions at this stage.
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CHAPTER 3

From Standardization to Operational
Integration

Data standardization is preparation, not deployment. The end goal is a system
where clean data flows continuously from bench to model, enabling real-time
decision support.

Historical Model Workflow Continuous
Consolidation - Development - Embedding - Scaling
Aggregate legacy Build domain Integrate Expand categories,
sources; reconcile algorithms for recommenders, multi-site data,
nomenclature sparse datasets predictors, inverse design
validation
e PHASE 1

Historical Data Consolidation

Timeline expectations: Most mid-sized organizations (10-15 years of R&D history,
5,000-10,000 experiments) require 3-6 months for thorough consolidation when building
custom infrastructure. Organizations leveraging purpose-built platforms like Polymerize
Connect typically compress this to 2-4 months through automated nomenclature mapping,

intelligent unit conversion, and pre-built integration with common ELN systems.

Resource allocation

® Human Review Cycles 22%
® Data Cleaning and Normalization 45%
® Validation and Quality Assurance 33%

J*Polymerize - How to Get Your R&D Data Ready for Al 07



}' Polymerize

CHAPTER 3 - CONTINUED

Critical success factor: Involve bench chemists in validation. Automated cleaning

tools will make errors; only researchers who understand the context can catch

them. One adhesives manufacturer avoided a critical error when a senior chemist

noticed their automated system had incorrectly merged two suppliers' versions of

“Epoxy Resin 828"—chemically similar but with different reactivity profiles that

would have corrupted predictive models.

= PHASE 2

Domain-Specific Algorithm Selection

Materials science cannot leverage commodity machine learning models designed for big

data. Instead, it requires algorithms optimized for small, structured datasets. These

algorithms fall into two complementary categories: predictive models and optimization

algorithms.

1. Predictive models (Machine Learning) learn from historical data to estimate material

properties, uncover key drivers, and quantify uncertainty.

ALGORITHM

Linear Models
(Linear, Lasso,
Ridge, PLS)

Tree-Based Models
(XGBoost, Random
Forest)

Gaussian Process
Regression (GPR)

Kernel Models
(SVR, KRR, RVM)
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BEST FOR

Baseline modeling,
simple relationships,
trend analysis

Categorical
formulation
optimization,
ingredient
substitution, non-
linear interactions

Continuous variable
optimization, modeling
with limited data

Capturing non-linear
relationships,
similarity-based
learning

TYPICAL PERFORMANCE

Fast, stable, and highly
interpretable; effective
for linear trends

80-85% prediction
accuracy with as few as
200-300 formulations

Provides accurate
predictions with
uncertainty
quantification in sparse
datasets

Strong performance on
small datasets with
ability to model complex
patterns

USE WHEN

You want a
transparent baseline
model and clear
variable impact

You need
interpretable
decision rules with
mixed categorical
and continuous
variables

You need
uncertainty-aware
predictions for
exploration or
decision-making

You expect similar
materials to exhibit
similar properties

08



J'* Polymerize CHAPTER 3 - CONTINUED

2. Optimization algorithms (Exploration & Design) use these predictions to efficiently
explore formulation and process spaces, guiding what to test next.

ALGORITHM BEST FOR TYPICAL BEHAVIOR USE WHEN

Bayesian Efficient exploration Balances exploration You want to

Optimization with limited data, and exploitation using minimize
uncertainty-aware uncertainty-aware experiments while
optimization, sample- surrogate models identifying optimal
efficient search formulations or

conditions

Genetic Algorithm Complex, non-linear, Population-based global The search space is
and discrete search search across large and highly complex,
spaces, global complex design spaces multi-modal, or not
optimization, multi- well-behaved

modal problems

By combining these approaches, R&D evolves from understanding what will happen to
data-driven decision-making on which experiments and formulation conditions to pursue
next.

= PHASE 3

Workflow Embedding & Adoption Metrics

Deploying these algorithms is only half the battle; the true ROl comes when they are
seamlessly embedded into the daily workflows of bench chemists. Organizations that
successfully integrate these models see immediate operational impact:

40-60% 25-35% 15-20%

Fewer Duplicated Faster Time-to- Better First-Pass

Experiments Spec Success

Reduction within the Reduction in time-to- Improvement in first-

first year of Al-assisted specification for new pass success rate for

workflow formulation projects scaled manufacturing
transfers

ROI Trajectory: Organizations typically achieve breakeven on data infrastructure

investment within 15-18 months through reduced experimental waste. By year 3,
leading organizations report 2-3x ROI through faster formulation cycles, reduced
material waste, and preserved institutional knowledge.
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CHAPTER 4

Strategic Implications: Data as
Compounding Competitive
Advantage

The competitive advantage in materials R&D is shifting from who has the most data to who
has the most structured, accessible, and actionable data. Organizations that invest now In
data infrastructure will compound returns over time as models improve with every

experiment.

The Mathematics of Institutional Knowledge Loss

3 800 $6M

Researchers Lost Insights Per S5-Year

Per Year Departing Knowledge Loss
A 20-person R&D team Researcher Up to $6M in

with 15% annual preventable waste from

Estimated experimental
insights lost per person
(formulation rules,
processing tricks, failure
modes)

duplicated experiments
over S years

turnover

The organization that started this journey in Year O is now 3 years ahead of
competitors who haven't yet begun. That gap is nearly impossible to close
through conventional R&D acceleration alone. Every experiment becomes
training data. Every failure becomes a constraint that prevents future repetition.
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The Compounding Effect: Year-by-Year ROI

@® Model Prediction Accuracy % @® Experimental Waste Reduction %

Breakeven: 200
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Organizations with robust data infrastructure retain institutional knowledge
permanently. The advantage compounds with every sprint cycle—and the
window to act is narrowing.
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CHAPTER 5

Accelerating Your Data Strategy

Organizations face a critical decision: build custom internal infrastructure or
adopt purpose-built platforms. The right answer depends on your organization's
capabilities, timeline, and strategic priorities.

= OPTION A - BUILD

When to Build Custom Infrastructure

® Advantages Risks
® Complete control over data architecture Substantial upfront investment before
and feature roadmap demonstrating value
® No dependency on vendor roadmap Ongoing maintenance and upgrade costs
priorities (typically 15-25% of initial build cost
annually)

® Can integrate tightly with proprietary
internal systems Difficulty attracting and retaining
specialized materials informatics talent

Risk of building a system that doesn't
match evolving researcher needs

Best for organizations with

® Specialized proprietary workflows that commercial platforms cannot accommodate
® Existing robust IT teams with materials informatics expertise (rare but valuable)
® Unique compliance or security requirements that preclude cloud-based solutions

@ Budget and timeline flexibility (typical custom builds require 12-24 months and $500K-2M)
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= OPTION B - BUY

When to Adopt Purpose-Built Platforms

® Advantages @ Risks
® Eliminates the 15-25% annual ® Less customization flexibility for highly
maintenance tax associated with custom specialized workflows

internal builds (Faster ROI ili
internal builds (Faste ) ® Dependency on vendor stability and

® Lower upfront investment and roadmap alignment
predictable subscription costs

»

Potential integration challenges with
® Continuous platform improvements legacy systems
without internal development burden

@ Expert support for implementation and
adoption

Best for organizations that

® Need to demonstrate value within 3-6 months to secure executive buy-in

® |Lack in-house materials informatics expertise

® Want to avoid ongoing maintenance and upgrade costs of custom systems

@ Require vendor-supported integration with existing ELNs, LIMS, and analytical instruments

@ Want access to continuously improving Al models trained on broader industry data (while
keeping proprietary formulations confidential)
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CHAPTER 6

Accelerating Implementation with

Polymerize

Rather than spending years and millions of dollars building custom infrastructure,

R&D teams can immediately transition to
Polymerize’s purpose-built ecosystem.

Polymerize Connect

The foundational data architecture that s
R&D.

data-driven innovation using

tandardizes your historical and ongoing

:. POlymerize Formulations Ar.
A comprehensive data management :
solution that offers a suite of customizable fomuation v A Cremedon v A Closet -
tools that make managing, storing, =AY | i
2024/2/23 1358 024, Cate Ingredi

aﬂa|y2iﬂg, and Sharlng yOUf reseal’Ch data | 0 31358 2024} F:"-'\"
simpler. :

] 2024/2j23 1258 e

] 02: 1231 024/ Pas

] 024/2/231358 ( ]

Trial 24 2024/2/2313'58 2024/ v Processing

Intelligent Data Harmonization

Automates the ingestion and structuring of
raw data from legacy spreadsheets,
databases, and lab notebooks into a unified,
ML-ready format.
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Institutional Memory & Search

Centralizes decades of formulation data,
allowing chemists to easily find similar
historical experiments and eliminate the 15-
25% waste caused by duplicate testing.
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Accelerated Time-to-Value

Compresses historical data consolidation
timelines from the industry standard of 3-6
months down to just 2-4 months.

THE SYSTEM OF INTELLIGENCE

Polymerize Labs

CHAPTER 6 - CONTINUED

Uncompromising Security

Certified enterprise-grade protection,
including SOC2 Type Il, ISO 27001, ISO
27017, and ISO 27018 compliance, paired
with strict role-based access controls
(RBAC) to protect proprietary IP.

The predictive engine that transforms your standardized data into formulation

breakthroughs.

}' Polymerize
Labs

A cloud-based material informatics
platform that provides Al-recommended
formulations based on desired properties of
high performing materials. Starting with as
little as 25 data points, Polymerize Labs
can provide desired results with 95%
accuracy.

Properties Prediction

Virtually screen new formulations and
process parameters before physical
synthesis, reducing bench trial time by 30-
50%.

Domain-Specific ML

Unlike generic Al platforms, our algorithms
are specifically optimized for the high-value,
sparse, and highly complex datasets unique
to materials science and chemistry.

J+Polymerize - How to Get Your R&D Data Ready for Al

Hedix

ingredient Quantity | Process Parameter Vialues

— — — — — )

Multi-Objective Inverse Design

Input multiple, often competing target
properties. The Al automatically navigates
these complex trade-offs to generate the
optimized recipe that hits your exact
specifications.

Explainable Al (XAl)

We do not use “black box” models. Feature
importance rankings, confidence intervals,
and similar-formulation references explain
why the Al made a recommendation, building
critical trust with bench scientists.
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Polymerize One

Extends data-driven R&D into real-world validation and execution:

}L- Polymerize

One

An all-in-one materials innovation service to
drive material innovation that integrates its
material informatics platform, outsourcing
prototyping and testing, and expert domain

support.

Prototyping & Testing
Network
Enable rapid validation

through access to global
lab partners

Integrated Workflow

Bridge Al predictions with
experimental and scale-up
processes

Domain-Specific
Expert Support

CHAPTER 6 - CONTINUED

Prototyping and

Expert Guidance

Combine Al with domain
expertise to ensure reliable
outcomes

Together, Polymerize Connect and Labs provide the core platform for data
management and Al-driven modeling. Polymerize One extends this foundation into
real-world execution—connecting insights with experimentation, validation, and

decision-making.

J+Polymerize - How to Get Your R&D Data Ready for Al
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== CONCLUSION

Conclusion

The materials R&D organizations that will dominate the next decade are not
necessarily those with the largest budgets or the most PhDs. They are the ones
treating historical experimental data as a compounding strategic asset rather
than archived liability.

The choice is binary: invest now in the infrastructure that transforms every future
experiment into training data for smarter decisions, or continue funding a cycle
of institutional amnesia where departing researchers take irreplaceable
knowledge with them.

01 )2 03
The Roadmap The Technology Is The Window Is
Exists Ready Closing

The framework outlined
here provides a clear,
sequenced path from
fragmented legacy data to
Al-powered formulation
intelligence. Execution
discipline determines
winners.

Whether you build custom
infrastructure or adopt
purpose-built platforms
like Polymerize Connect
and Labs, the algorithms
are proven and the tools
are accessible today.

The organization that
starts this journey today
will be 3 years ahead of
competitors who haven't
yet begun—a gap nearly
impossible to close
through conventional R&D
acceleration alone.

Ready to take the next step in materials innovation?

Learn more about how your organization can centralize lab data and

unlock predictive Al with Polymerize.
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