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Goal: Use data science to reduce the time and cost for alloy development and lifetime prediction.

Experimental 
Validation Task

Modeling 
Task
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Application of data science to materials is more challenging than its use in baseball.

Issues Baseball Materials Science

Data 
availability

Reliable and 
readily available.

Scattered, hidden (proprietary), or 
unpublished.

Standards Uniform No data standards

Variability Unambiguous: 
Hits, RBI, HR etc.

Uncertainty can be large;  variability 
between groups; different geometries

Relations Rules, positions 
etc. well defined.

Processing-microstructure-property 
relations nonexistent.

Stability Rules don’t 
change during the 
season

Material microstructure evolves during 
processing and service; surface degrades; 
material oxidizes or corrodes.
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Where is the relevant data?
• Journal articles
• Online and printed databases
• National Institute for Materials Science (NIMS) database
• Government technical reports
• National lab databases
• Industry reports
• US Patents 
• Offline: Lab notebooks and as knowledge in experts’ minds 

Successes are published; failures are forgotten.
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Alloy development challenges
• Data is sparse and expensive to obtain.
• Metadata and provenance are missing.
• Existing frameworks focus on 0 K properties.
• Complex descriptors (e.g., microstructure)
• Going beyond confirmation of one’s biases
• Interpretability of models is essential.

Alloy innovation is knowledge driven. 
Knowledge is difficult to curate, collect, and contextualize for efficient use in development.
Knowledge is even less structured and often harder to obtain than data itself.
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Ongoing development of “smart” tools 
to mine and extract knowledge from 
users’ posts, search and interaction 

patterns, and efficiently connect users to 
personalized content

• Share your materials knowledge & expertise
• For eXtremeMAT we want to jump start 

knowledge collection, curation and utilization
• Wednesday & Thursday, sign up for a 15 

minute slot (at registration desk)
• Slots between noon and 2pm, Indiana 

Room
• eXtremeMAT experts can meet with younger 

scientists or program managers in facilitated 
conversations

• These will serve as test-case for a new 
knowledge management effort for XMAT goals

Why Knowledge Management 
Matters:
• Millions in lost productivity 

annually because of inefficient
knowledge sharing

• 42% of institutional knowledge is 
acquired specifically for an 
employee's current role and is 
not shared by any of their 
coworkers

Source:  Panopto Workplace Knowledge and Productivity Report, 2018

Filling the DOE FE Knowledge Container: Using AI/ML to put knowledge to work
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Gap analysis: Data Science for Extreme Environments

• Lack of composition-processing-structure-property relations
• Lack of validated physics-based creep and processing models
• Gaps in microstructural and thermodynamic data
• Alloy development knowledge and data are not widely shared
• Parameter space is large (minor alloying element optimization)
• Extrapolation from short-term tests to long term life estimation
• Relying on experiment alone would be very long and expensive
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What is needed to advance this field?

• Processing data (time, temperature etc.)
• Characterization results (microstructure)
• Tensile, fatigue, fracture toughness, corrosion and creep results 
• Guidance on features we should focus on

• Grain size, grain shape, voids, phase volume fraction, Cr content etc.

• Information on what has worked well and the dead-ends
• Data from failed experiments
• Mechanism to anonymize and protect shared data.
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Data (orange arrows) 
serve as the glue 

between model scales{
Alloy Design Life Time & Performance  

Data Science includes three subtasks: data management, assessment, and analysis.
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Data Management

Multiple Workspaces

• Data is being uploaded

• Metadata included

• Data assessed during upload

• Collaboration tools

EDX Workspaces
https://edx.netl.doe.gov

https://edx.netl.doe.gov/
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Example Data Set
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EDX: Consistent Folder Structure and Digital Notebooks
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Inclusion of Metadata with each data set is essential.
The availability of metadata with literature data is highly variable.
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XMAT has identified metadata that needs to be included with mechanical testing data.

• Composition (primary alloying elements, trace elements and impurities)
• Processing conditions
• Heat treatment conditions
• Microstructural details and phase distribution
• Testing standards followed
• Measurement conditions
• Sample Geometry
• Environmental conditions 
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XMAT has developed a metadata template that will be given to data generators.
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Standards for assessment of data quality.
• XMAT adopted its own standard. 

• There is no universal data quality standard.
• Completeness of data; assess importance of missing information

• Ratio of available data/expected data
• Identify what information is absolutely essential

• Source: peer reviewed academic vs. data from unreliable source (blog). Standards?
• Precision: Does data have a lot of inconsistencies, gaps, obvious errors? Derivative data?
• Accessibility: Is the data easy to extract (bad quality PDF?)
• Tool to assess data quality is already deployed in EDX!
• Multiple XMAT participants must assess data independently and arrive at a metric.
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Data Standards: Completeness
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Data Standards: Precision
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Data Standards: Accessibility
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Data Standards: Source



Accelerating the Development of Extreme Environment Materials

22

Data Quality Assessment

Ranking system implemented in EDX Examples of data ranking
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Data Analytics/Machine Learning

• Overall Objective: Identify the main drivers of mechanical 
degradation in extreme environments and design new Fe-
based alloys that can perform at a 50 °C higher temperature

• Desired Outcomes
• Couple machine learning (ML) with data framework
• Integrate data-driven and physics-based models
• Predict the lifetime of chromia-forming alloys 
• Design new alumina-forming alloy

• Analyzed F-M 9-12% Cr steel data
• Data from NETL, GE, NIMS and literature
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NETL-PUB-21550

Typical Creep Data Set for 9-12%  Cr F-M steels
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Ranking of features affecting creep rupture time of 9-12% Cr F-M steels

Machine learning (ML) with different methods by two XMAT groups identified similar ordering of features.
Nb and B are known to strongly influence creep life, but were ranked low using ML.
Physics-based models and domain expertise are needed to complement ML. Need a larger data set.
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Gradient Boosting algorithm

• Good fit at low rupture time
• Divergence at long time due to limited data
• Shows the challenge of creep life prediction

Actual Creep Rupture Time vs. Prediction for 9-12% Cr F-M steels

We need larger data sets and data farther out in time--expensive and time consuming to obtain.
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Correlation analysis with > 2000 descriptors
Maximal information coefficient and Pearson correlation

Important descriptors include:
• Heat treatment conditions
• Austenitic grain size
• Trace elements (incl. B and Nb)

Can we use yield strength to understand creep life of 9-12% Cr steels?

Analysis identified the key role of kinetics that is often overlooked.
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Includes
Data from 
Literature

We need to integrate data models with physics models and domain science expertise.
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Conclusions
• XMAT is developing an alloy database with quality assessment.
• Framework supports adding metadata and ranking data sets.
• Serves as collaboration platform for distributed team.
• Heat treatment (temperature, hold time, rates) conditions have a key role. 

Kinetics cannot be overlooked!
• Complexity of phase transformations and microstructure evolution makes 

linear regression without physics-based insights unsuitable.
• We need to relate composition to microstructure and microstructure to 

properties instead of trying to link composition to properties.
• Gaps are availability of microstructure and quality of thermodynamic data.



Accelerating the Development of Extreme Environment Materials

30

Questions?
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