
1

Adhesives & Bonding Expo 2024

Stuttgart, DE, 5th December

Accelerating Formulation of Adhesives and Thermal 
Interfaces with AI

Marco Musto
Citrine Informatics. Senior Research Scientist



Overview of Citrine
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AI FOR PRODUCT 
DEVELOPMENT, 
PRODUCTION, AND SALES

• Founded in 2013
• Global team across Americas & EU
• Corporate & academic clients / 

collaborators
• Cloud-based SaaS materials 

informatics platform
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global Chemicals companies

global Adhesives & Sealants companies

global Personal Care & Beauty companies

4 

4 

2 

of the 
top 10

of the 
top 10

of the
top 10

OUR CLIENTS ARE GETTING RESULTS WITH AI TODAY
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`````REMOVING PFAS FROM ADHESIVES

5

`````

The Problem

• Accelerate product development 
in response to regulatory 
demands

• Unable to achieve critical 
breakthroughs using internal 
resources

• Pressure sensitive adhesive 
excluding PFAS, same 
performance `````

The Process

• Launched a pilot project in first 
month to reach autonomy

• In the following 2 months, single 
user generated 25 new models 
autonomously. 

• Within first quarter, assessed 
millions of ingredient 
combinations, `````

The Outcome

• First breakthrough candidate 
identified in 4 months

• Customer planned data 
integration alongside rapid 
enterprise expansion

• Customer team estimates to have 
saved 2 years of R&D work on a 
project that would typically be 5 
years.

A global materials conglomerate successfully reformulated an adhesive to exclude PFAS and saved 2 years of R&D work on a 5-year 
project.   
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```
FROM ZERO DATA TO ON-TARGET LOCALIZED FORMULATIONS IN 5 MONTHS
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`````

The Problem

• Starting from scratch with new 
locally-sourced ingredients on 
new processing equipment. 

• No historical data available.

• Hit the same performance 
criteria as competitor products. 

```

The Process

`````

The Outcome
• 5 months from zero data to 

successful recipes.

• The first AI model performed 4X 
better than traditional R&D 
approaches

Korean national composites champion develops carbon fiber additives using local ingredients on new capital equipment in 5 months. 

• Create & synthesize initial grid of 
20 experiments. 

• Build AI model on 20 training data 
points with formulation-specific 
featurization.

• Compare AI-generated 
candidates with those suggested 
by traditional R&D process.
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`````
BETTER TAILOR-MADE POLYMER FORMULATIONS - QUICKER
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• A multinational producer of specialty chemicals.
• Wanted to create differentiated products more quickly.

`````

The Problem

• Increase the mechanical 
properties of a fiber reinforced 
plastic, while maintaining the 
rest of its property profile.

• Trillions of potential recipes.

• Citrine identified that there was 
high process variability between 
R&D sample batches

```

The Process

`````

The Outcome

• In just 10 months a 21% increase 
of mechanical properties was 
achieved.

• Process variability was better 
handled and accounted for, 
leading to a reduction in  
performance uncertainty by 
58%

21% increase in fiber reinforced plastic mechanical performance in just 10 months

The Customer

• A sequential learning approach 
was used.

• Programmatic normalization of 
results from batch to batch was 
instituted. 
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Optimization of model and/or design performance

SEQUENTIAL LEARNING: UNCERTAINTY-DRIVEN OPTIMIZATION

8

ML Model

Sequential 
learning loop

Predict which 
material to 

measure next

Add new 
results to 
dataset

Experiment

Ling, et al. High-dimensional materials and process optimization using data-driven experimental design with well-calibrated uncertainty 
estimates. Integrating Materials and Manufacturing Innovation 6 (2017): 207-217 
Borg, et al. Quantifying the performance of machine learning models in materials discovery. Digital Discovery 2.2 (2023): 327-338.

Highest performing within 
uncertainty (compromise 
approach)

Highest performing 
(exploitation)

Most uncertain 
(exploration)



THE CITRINE PLATFORM: AI-GUIDED MATERIALS DEVELOPMENT

9

Manage material data Featurize data, build and test 
models

Data Infrastructure AI Models Search Space Materials Optimization

Construct search spaces and 
make candidate predictions



Case Studies
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Digital Open Marketplace Ecosystem 4.0

OUTLINE
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“A scalable, semantically interoperable, ecosystem of marketplaces and data spaces to transform data and information 
into knowledge and intelligence assets […] within the high-economic-impact materials and manufacturing sectors.”

9 B2B showcases
• Chemistry Knowledge Graph - Marine, Air Quality And Nanoparticles

• Lightweight Construction - Fibre Reinforced Plastics

• Polymer Additives For Corrosion Protection

• Structural Adhesives: Fatigue Life

• Production Equipment And Service Catalogues

• Turnkey Services And Custom Workflows Integrating Simulations And Data

• Formulated Consumer Products

• Semantic Αnalytics Of Μanufacturing Αssets

• Virtual Development Of Composite Materials

https://dome40.eu/chemistry-knowledge-graph-marine-air-quality-and-nanoparticles
https://dome40.eu/lightweight-construction-fibre-reinforced-plastics
https://dome40.eu/polymer-additives-corrosion-protection
https://dome40.eu/structural-adhesives-fatigue-life
https://dome40.eu/production-equipment-and-service-catalogues
https://dome40.eu/turnkey-services-and-custom-workflows-integrating-simulations-and-data
https://dome40.eu/formulated-consumer-products
https://dome40.eu/semantic-analytics-manufacturing-assets
https://dome40.eu/virtual-development-composite-materials
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FATIGUE OF STRUCTURAL ADHESIVES UNDER STRESS 
CONCENTRATIONS
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Materials:

• DGEBA epoxy:
• PU toughnened

• Rubber toughnede

Geometry:
• Stress concentration Factors (analytical)

• Gradient effects length scale: 

Fatigue Behaviour:
• S-N curves

• Damage evolution (stiffness loss)

[1] ”Fatigue of structural adhesives under stress concentrations: notch effect on fatigue strength, crack initiation and damage evolution”, V.C. 
Beber, B. Schneider, Internation Journal of Fatigue 140 (2020)
[2] “Advancements in predicting the fatigue lifetime of structural adhesive joints
” https://blogs.sw.siemens.com/simcenter/advancements-in-predicting-the-fatigue-lifetime-of-structural-adhesive-joints/

Figs. 4 and 5 from [1]. 
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CITRINE ML MODEL
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• Handling multiple length scales, from molecular descriptions to surrogate modelling of structural behaviour
• Efficiently incorporate pre-existing domain knowledge

Domain Knowledge

Surrogate Modelling of intermediate variables

ML Output
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CITRINE MODEL RESULTS
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• ML model can serve as a virtual testing environment
• Can be used to improve formulations and/or notch geometry – “Candidate Generation”
• Transferability to other geometries and or chemistries



INTEGRATION OF MULTISCALE MODELS WITH AI/ML
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Fiber  alignment, 

length, diameter

Physical properties of 

individual constituents

and interfaces

Molecular 

simulation

Manufacturing 

conditions

Curing conditions

AI/ML 

predictions of 

candidates

Database, AI/ML algorithms
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Physical testing

Predict homogenized properties of compound 

(stiffness, strength, toughness, etc), 

Residual stresses in constituents, 

fracture pattern, and more insights

Target requirements not met, but 

additional training data is provided 

for sequential learning

Physical 

testing

Target 

requirements 

are met

“Materials informatics accelerates customer tailored composite material design” 
https://blogs.sw.siemens.com/simcenter/material-informatics-accelerates-customer-tailored-composite-material-design/



Thank you

Marco Musto mmusto@citrine.io

mailto:jsaal@citrine.io
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`````

BETTER CUSTOMIZED SOLUTIONS FOR COMPANIES MANUFACTURING WITH COMPOSITES
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CUSTOMER CASE STUDIES

• Siemens, Sabic and Citrine Informatics worked together as part of “Virtual Development of Composite Materials” in DOME 4.0.
• https://dome40.eu/

`````

The Problem

• End customers need to determine the 
correct ratio of PP and glass fiber for a 
particular application.

• This takes many expensive experiments 
and may not result in a working solution. 

• The DOME 4.0 (Digital Open Marketplace 
Ecosystem 4.0), project also aimed to 
create a digital platform connecting 
materials data sources along a value 
chain.

```

The Process

`````

The Outcome

● Customers are given more accurate 
recommendations faster for 
masterbatch and polymer ratios.

● The feasibility of new applications can 
be assessed without physical tests.

● Additional insights into innovative 
combinations of resin and reinforcement 
can be gained without physical tests.

AI-driven physics-based modelling

The Customer

• Historical data was used to create a 
model of mechanical properties of GFRP 
dependent on raw material ratios, 
processing parameters, and design. 

• The model was used to suggest 
experiments that could then be 
simulated. 

• Those that were successful in simulation 
could then be physically tested.

https://blogs.sw.siemens.com/simcenter/material-informatics-accelerates-customer-tailored-composite-material-design/

https://dome40.eu/
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BETTER CUSTOMIZED SOLUTIONS FOR COMPANIES MANUFACTURING WITH COMPOSITES
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CUSTOMER CASE STUDIES

• Siemens, Sabic and Citrine Informatics worked together as part of “Virtual Development of Composite Materials” in DOME 4.0.
• https://dome40.eu/

`````

The Problem

• End customers need to determine the 
correct ratio of PP and glass fiber for a 
particular application.

• This takes many expensive experiments 
and may not result in a working solution. 

• The DOME 4.0 (Digital Open Marketplace 
Ecosystem 4.0), project also aimed to 
create a digital platform connecting 
materials data sources along a value 
chain.

```

The Process

`````

The Outcome

● Customers are given more accurate 
recommendations faster for 
masterbatch and polymer ratios.

● The feasibility of new applications can 
be assessed without physical tests.

● Additional insights into innovative 
combinations of resin and reinforcement 
can be gained without physical tests.

AI-driven physics-based modelling

The Customer

• Historical data was used to create a 
model of mechanical properties of GFRP 
dependent on raw material ratios, 
processing parameters, and design. 

• The model was used to suggest 
experiments that could then be 
simulated. 

• Those that were successful in simulation 
could then be physically tested.

https://blogs.sw.siemens.com/simcenter/material-informatics-accelerates-customer-tailored-composite-material-design/

https://dome40.eu/
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MIND OVER MATTER: SOCIORESILIENT MATERIALS DESIGN
PIs: Christine Ortiz (MIT) and Ellan Spero (MIT, Station1)

Spero, E. F., & Ortiz, C. (2021) Diseña, (18), Article 1.

Award# ITE-2236190
TIP C-Accel, PM Linda Molnar 

• Building capabilities for the new field of socioresilient materials design, combining traditional 
structure-property-processing-performance paradigms, circular design principles, emergent 
computational capabilities, and humanistic and social sciences methodologies.

• Developing software tools, novel metrics, datasets, and computational methods to enable 
practical integration of socioresilient concepts into existing materials design workflows.



Plastics are complex formulations consisting of many ingredients
CONSIDER PLASTIC DESIGN
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Component Function Typical amount Examples
Polymer resin(s) The “plastic” in plastic 100 g PVC, PS, ABS, PET

Plasticizer Processability, flexibility 0 – 100 phr# Phthalates, Adipates, Nitriles

Stabilizer Stabilization against heat, light 0 – 10 phr Pb-based (phased out), 
Ca/Cd/Zn/Sn stearates/dialkyls

Filler Reduce cost, improve properties 
like stiffness, flammability, … 0 – 100x phr CaCO3, mica, wollastonite, glass 

fibers

Lubricant Reduce sticking to equipment 
surfaces while processing 0 – 2 phr Paraffin wax, oils

Other common additives include flame retardants, antistatics, pigments, curing agents, …

#phr = parts per hundred resin, a unit commonly used in the plastics/formulation industry

Currently, some additives consist of
toxic chemicals that are being phased out. 



Consider increasingly difficult design metrics and compare results

PVC METRICS: TECHNICAL (T), ENVIRONMENTAL(E), AND SOCIETAL(S)
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T+E+S
• Tensile strength
• Elongation at break

• Ecotoxicity (terrestrial, 
freshwater, marine)

• Global warming potential 
• Ozone formation potential

• Human toxicity (carcinogenic, 
non-carcinogenic)

T+E
• Tensile strength
• Elongation at break

• Ecotoxicity (terrestrial, 
freshwater, marine)

• Global warming potential 
• Ozone formation potential

T
• Tensile strength
• Elongation at break



SOCIORESILIENT MATERIALS DESIGN FRAMEWORK
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Technical (T)

Environmental(E)

Societal (S)

DESIGN
WORKFLOWS

DATA SOURCES
& MODELS

• Public databases
• Literature scraping
• Established LCA 

methods
• LLM sentiment 

analysis
• Stakeholder 

interviews

DESIGN
INTEGRATION

SOCIORESILIENT 
ASSESSMENT

DESIGN
OPTIMIZATION

Qualitative + 
Quantitative 

Metrics

Satisfies T

Satisfies
T+E

Satisfies
T+E+S

Iterative feedback loop: new experiments, E+S considerations

Socioresiliency

Pe
rf

or
m

an
ce



ReCiPe2016 TOXICITY: MODELS (v1)
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1. SMILES → QSAR-style fingerprints (deepchem.RDKitDecriptors)
2. For each toxicity type:

a. Drop examples with NaN values
b. Transform y → log10(y)

c. Drop examples with Zmodified(y) ≥ 3.5

d. 5-fold random test/train split
e. Train RF regressor (lolopy) on held-in
f. Test RF regressor on held-out

(tet) Terrestrial ecotoxicity
(fet) Freshwater ecotoxicity
(met) Marine ecotoxicity
(htp-c) Human carcinogenic toxicity
(htp-nc) Human noncarcinogenic toxicity

https://deepchem.readthedocs.io/en/latest/api_reference/featurizers.html#rdkitdescriptors
https://github.com/CitrineInformatics/lolo/tree/main/python/lolopy


PVC [T] DESIGN: EXAMPLE
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Elongation at break (%)
R2: 0.53

Tensile strength (MPa)
R2: 0.73

Target property models under 5-
fold cross-validation

Search space to generate 
reasonable candidates Candidate scoring

Sample candidate target 
property distribution

Sample candidate predicted 
output performance

Sample candidate PVC 
formulation composition



PVC [T+E] DESIGN: EXAMPLE
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Elongation at break (%)
R2: 0.53

Tensile strength (MPa)
R2: 0.73

Target property models under 5-
fold cross-validation Candidate scoring

Sample candidate target 
property distribution

Sample candidate predicted 
output performance Sample candidate PVC 

formulation composition

HTP-nc
R2: 0.95

TET
R2: 0.93



VISUALIZING T+E+S DESIGN TRADEOFFS
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Visualizing the Pareto frontier of performance 
metrics of candidates from different design goals

Normalized properties, higher is better (e.g., less toxic)
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• ML can support formulation and characterization of complex polymer systems

• Use cases include, among other:
• Optimal formulation
• Tuning to novel customer specification
• Ingredient replacement (e.g. regulatory concerns / supply chain optimization)

• The Citrine Platform is designed to efficiently support R&D work:
• No-code approach
• Possibility to add own domain knowledge
• Can incorporate inputs at various length scales, from molecular descriptions to 

structural computations

SUMMARY

27



LLM
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The digital assistant for the materials and chemicals industry 
helping teams work more effectively



Use natural language to ask questions

INTERNAL
DOCUMENTS
Securely uploaded

• Project reports
• Consumer research
• Product Catalogue
• Safety Data Sheets
• Experimental Procedures
• Test results
• Internal Knowledge Base

LITERATURE
Curated, Relevant, Public

Journal Articles

Receive response in natural 
language

• Draw on trusted sources
• Quickly answer your question 

without bothering a colleague
• Easily access a variety of 

company documents 

Digital assistant RAG to accelerate product development

CITRINE CATALYST

CITRINE CATALYST: Knowledge Assistant
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In fact, almost all our customers need help cleaning their data to get it AI-ready

OUR CUSTOMERS’ DATA ARE NOT PERFECT

31

S C I E N T I F I C  D A T A
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A wealth of information, trapped in unstructured PDFs

EXAMPLE 1: SAFETY DATA SHEETS

32

S C I E N T I F I C  D A T A
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Citrine can automatically parse and normalize your SDS PDFs

EXAMPLE 1: SAFETY DATA SHEETS

33

S C I E N T I F I C  D A T A
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• LLMs are a transformative technology, and they WILL impact the 
materials and chemicals industry

• Citrine is utilizing LLMs across our Platform to accelerate customer 
workflows and improve the user experience

• New capabilities to be announced soon

• Interested in learning more or collaborating? mmusto@citrine.io

SUMMARY

34

mailto:mmusto@citrine.io
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Often, how a process was performed is stored as long-form text.

For effective AI, key single-value metrics must be extracted.

EXAMPLE 2: PROCESSING INFORMATION

35

S C I E N T I F I C  D A T A
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Often, how a process was performed is stored as long-form text.

For effective AI, key single-value metrics must be extracted.

EXAMPLE 2: PROCESSING INFORMATION

36

S C I E N T I F I C  D A T A
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Often, forms change over times and people customize templates to suit their needs 
making programmatic data extraction unscalable.

EXAMPLE 3: DIVERGENT FORMS

37

S C I E N T I F I C  D A T A
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Often, forms change over times and people customize templates to suit their needs 
making programmatic data extraction unscalable.

EXAMPLE 3: DIVERGENT FORMS
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S C I E N T I F I C  D A T A



Data Management and 
AI at Scale
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Integrating Material Informatics across multiple scales

SETTING THE VISION: AI AT SCALE

40

T E C H N O L O G Y

Left: “Beyond bulk single crystals: A data format for all materials structure– property–processing relationships”, K. Michel, B. Meredig, MRS Bulleting, Vol. 41, 2016 
Right: “Industrial materials informatics: Analyzing large-scale data to solve applied problems in R&D, manufacturing, and supply chain, 
”, B. Meredig, Current Opinion in Solid State and Materials Science , 2017

Multiple dimensions:
• “vertical”, from constituents to structure
• “horizontal”, promoting re-usability of AI models on different 

applications 
• Beyond: LCA, socioresilience, etc.



Current state: a single expert, carefully assigned

SCALE AND REUSE WITHIN PRODUCT DEVELOPMENT
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I N I T I A L  A D O P T I O N  I N  P R O D U C T  D E V E L O P M E N T



Future state: expert knowledge, shared across similar projects

SCALE AND REUSE WITHIN PRODUCT DEVELOPMENT
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I N I T I A L  A D O P T I O N  I N  R & D



Current state: use of ingredients and processes limited by experience and bias

SCALE AND REUSE WITHIN R&D

43

I N I T I A L  A D O P T I O N  I N  R & D
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Entropy is real and must be combated

• Balance Flexibility and Structure
• Directed acyclic graph of Materials, 

Processes, Measurements and Ingredients

• If materials share a common precursor, that 
shared heritage can be represented 

• Enforce Standards
• Unless standards are created and enforced, 

they will not be followed

• Allow for and incentivize data structuring 
over time.

• Reward work
• Researchers should be incentivized to put in 

the work needed for FAIR data

FAIR R&D DATA IS POSSIBLE
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We’ve been Using Computers to Store Scientific Data for Over 50 years

HISTORICAL DATA SYSTEMS
W H Y  A R E  O U R  D A T A  S O  M E S S Y ?

Before Data 
Capture Systems:
All hand-written notes.

Rooms filled with filing 
cabinets, notebooks, 
and lookup cards

1973: LIMS are 
first discussed!
ASTM-Organized 
Conference

Focused on Lab 
Automation

In 1976 the focus 
has shifted to 
automated 
analyses
Applications and 
Laboratory Automation

Specific sessions 
around specific types of 
experimentations (and 
let the data silos begin!)

In the late 1970’s 
to early 1980’s we 
started to see 
relational 
databases being 
used to store

1982 LIMS hit the 
market! (and the 
abbreviation is 
used)
Perkin-Elmer: ‘LIMS 
2000’

Purvis Systems: 
‘Turnkey LIMS’

Spectrogram 
Corporation: `LMIS`

By 1995 there 
are >= 42 LIMS 
on the market

Gerst A. Gibbon. A brief history of LIMS. (32)1, (1996) p. 1-5
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Digitalization is only step one for using R&D data in AI.

• Materials Informatics relies on data to power AI models, which can then be used to predict properties 
from formulations, processing information, and measurement conditions.

• Both measured properties and “input” data (formulations, processing information) need to be available
for the same samples

• Additionally, “failed” experiments should be recorded to train the model what does not work

• Data from various datasets should be interoperable to enable transfer learning and bolster data volume

• Single-point-metrics or AI-interpretable data (e.g., SEM image) should be programmatically available

• Data volume should be measure of # of unique high-quality samples/data points not gigabytes 

CHANGING DATA USES MEANS CHANGING NEEDS
D A T A  R E Q U I R E M E N T S  F O R  M I



DATA CHALLENGES:
MEAUSUREMENT CONDITIONS
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P R O D U C T  L I F E C Y C L E

• Need to be able to describe in “AI friendly” 
fashion:

• Same nominal property measured under
different standards and/or conditions

• Same nominal property measured with
different equipment



DATA CHALLENGES:
SPARSITY
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P R O D U C T  L I F E C Y C L E

Sparsity for ingredients’ properties
“Sparsity matrix” for first mixing step

Ingredient

Formulations

- Sparsity can be common even in domain-specific datasets
- It is inherent in datasets attempting to bridge applications


