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ThermoML-fair Project Summary 

Executive Summary 
ThermoML-fair: FAIR Data Parser for Thermophysical Properties 
 
ThermoML-fair unlocks thousands of peer-reviewed experimental datasets published in 
leading journals and archived by NIST. By converting complex XML into structured, machine 
learning–ready tables, it makes validated, high-quality thermophysical property data usable 
for machine learning — a critical step toward trustworthy, reproducible models in 
materials discovery. 

What I Built 
- Automates extraction of tabular datasets from 1,100+ ThermoML XML files. 
- Normalizes property and variable names, preserving uncertainty and mixture 
compositions. 
- Generates CSVs and pandas DataFrames directly consumable for ML pipelines. 
- Provides CLI interface and schema validation for robust, repeatable use. 

Impact 
- Bridges raw NIST XML data to ML-ready training sets. 
- Unlocks property prediction modeling for conductivity, viscosity, and beyond. 
- Supports reproducible research aligned with FAIR data standards. 
- Provides ML access to rigorously peer-reviewed data spanning journals such as Journal of 
Chemical & Engineering Data, Journal of Chemical Thermodynamics, and Fluid Phase 
Equilibria. 
- Facilitates benchmarking and reproducibility by ensuring every data point is linked to its 
source publication. 

Technical Overview 
The parser integrates `xmlschema` with custom mapping logic to extract structured data 
from ThermoML files. Features include: 
- Handling PureOrMixtureData sections, phases, and components 
- Normalizing variables, properties, and units 
- Serializing outputs into CSV and pandas DataFrames 
- Modular design with CLI + library usage 

Key Stats 
- 1,100+ NIST ThermoML files parsed 
- 2.6M+ property entries extracted 
- Multi-property support: thermal conductivity, viscosity, heat capacity, and more 
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Visuals 
   

 
Figure 1 System architecture showing how ThermoML XML files are parsed, normalized, and converted 
into ML-ready DataFrames. Highlights end-to-end reproducibility and FAIR compliance. 

 

 

Figure 2 Example parsed DataFrame output. Each row corresponds to a property measurement under 
defined experimental conditions (e.g., temperature, pressure, composition). 
 

 

 

Figure 3 FAIR principle in practice: every measurement is linked back to its peer-reviewed source, 
ensuring data transparency and reproducibility. 
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Figure 4 Command-line interface (CLI) features, supporting robust parsing, validation, and DataFrame 
construction with progress bars and error handling. 

 

Figure 5 CLI summary view showing aggregated counts of parsed properties, compounds, and 
measurements across the ThermoML archive. 
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Figure 6 Distribution of the top 10 most frequently reported thermophysical properties. Demonstrates 
dataset breadth (97 unique properties, 2.6M+ entries). 
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Figure 7 Screenshot of the GitHub README top section, showing professional project documentation and 
open-source accessibility on GitHub. 

ThermoML-FAIR transforms decades of peer-reviewed thermophysical research into 
machine learning–ready data — making reproducible, sustainable materials 
discovery possible at scale. 

Links: 
GitHub: https://github.com/acfdavis/thermoml-fair 

Portfolio: https://acfdavis.github.io 
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