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A Data Quality and Quantity Governance for Machine Learning in Materials Science
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Abstract: Data-driven machine learning is widely used in materials property prediction and structure-activity relationship research
due to its accurate and efficient predictive ability. Data determines the upper limit of machine learning. However, materials data often
have various quality and quantity problems (i.e., multiple sources, large noise, small samples, and high dimensionality), affecting the
application of machine learning in the materials field. In this paper, by analyzing the data quality and quantity problems and their
related governance work, we find that data quality and data quantity jointly determine this problem. Following this, a data quality and
quantity governance framework embedded by materials domain knowledge in the whole process of materials machine learning is
proposed. We define twelve dimensions to analyze the connotation of materials data quality and quantity. A life cycle model of data
quality and quantity governance is constructed to ensure that data quality and quantity governance activities are carried out in an
orderly manner. To manage data quality and quantity accurately and comprehensively, a series of corresponding governance
processing models are established from domain knowledge and data-driven aspects, which provides technical support for the specific
implementation of the life cycle model. This framework realizes the overall evaluation and improvement of materials data quality and
quantity, providing theoretical guidance and candidate solutions for high-quality and appropriate-quantity data acquisition and
accelerating the in-depth application of machine learning in materials research and development.
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“R*” represents the conformity between predicted value and actual value; “—” represents this term is not mentioned in this study; “RMSE” represents the root

mean square error between the predicted value and actual value; “AUC (Area Under Curve)” represents the area under the receiver operating characteristic curve

(ROC); “RMSE/AV” is a ratio that shows the overall deviation degree of the predicted sample; “Accuracy” represents the ratio of the number of correctly

classified samples to the total number of samples; “RMSD” means the root mean square deviation.
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Fig. 1 Number of features governance methods commonly used in materials field
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Table 1 Applications of sample governance method in materials science

ML algorithm Materials # of initial sample # of governed sample Result Reference
Generative 2D materials 291 840 2 650 264 AUC: 0.96 [53]
adversarial Inorganic materials 251 368 (OQMD) 1 831 648 (OQMD) [54]
networks 57 530 (MP) 1 969 633(MP)
25323 (ICSD) 1983 231 (ICSD)
Variational Inorganic materials 10 981 (MP) >19 000 (MP) [55]
autoencoder 3-D molecules 46 744 [56]
Active learning Inorganic perovskite 5218 79 [58]
NiTi-based shape memory alloy 256 15 R:0.85 [59]

OQMD: Open Quantum Materials Database; MP: Materials Project; ICSD: Inorganic Crystal Structure Database; “#” represents a number; “AUC (Area Under

Curve)” represents the area under the receiver operating characteristic curve (ROC); “R® represents the conformity between predicted value and actual value.
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Fig. 2 A data quality & quantity governance framework embedded by materials domain knowledge in the whole process of

materials machine learning
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Table 2 Materials data quality & quantity dimensions

Description

Category Dimensions Definition
Inherent Traceability Measures whether the acquisition and ML-based
quality processing of materials data is traceable
dimensions
Accuracy Measures whether data was recorded correctly and
reflects realistic values
Redundancy Measures whether data contains redundant information
Completeness Measures whether all data used for training ML
models and other critical additional information are
recorded with no missing entries
Consistency Measures whether all samples in the multi-source
materials dataset are represented in the same way
Time-sensitivity ~ Captures the different characteristics of materials data
according to certain time-related factors
Contextual Balance Measures whether the population of different classes in
quality the entire dataset is balanced
dimensions
Normalization Measures whether materials data has been converted
into the representation or organization forms suitable
for ML modeling as required
Insight Measures the learnability of materials data quickly
before carrying out more time-consuming analyses
Quantity Number of Measures whether the number of features is
dimensions features redundancy in the materials data
Number of Measures whether the number of samples are
samples appropriate in the materials data
Ratio Measures whether the number of features and samples

are balance in the materials data

In order to make the machine learning results repeatable and
trustworthy, traceability is required to record all operation
information of the data.

Materials data derived from industrial production,
experiments, and calculations usually have uncertainties or
are subject to errors, thus accuracy assessment is required.

Due to the complexity of materials performance driving
mechanism and the multi-source of materials data, there
are duplicate samples or redundant descriptors in data, thus
redundancy elimination is required.

Equipment defects or errors during the integration of
multi-source materials data may lead to missing values in
the data, thus completeness governance is required.

Different data sources generally have different standards for
data generation, storage and characterization, which may
lead to the inconsistency of the final integrated dataset and
consistency detection is required.

For temporal materials data or materials properties related
to time factors, time sensitivity analysis is required.

Materials data with good performance and poor
performance are often difficult to be adequately collected,
so balance governance is required.

Data may have dimensional inconsistencies and uneven data
division, so normalization governance is required before
machine learning modeling.

In order to exploring whether the data used for machine
learning modeling contains useful information, insight
exploration is required.

Materials experts usually define multiple features to
describe the complex driving mechanism of materials
properties, so the features may be redundant and need to be
controlled by the number of features governance.

The acquisition of materials samples depends on complex
experiments with high cost, so the number of samples may
be insufficient, which requires number of samples
governance.

Unbalanced number of features and samples often lead to
poor machine learning modeling result, so it is necessary

to consider the balance between them.
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Processing models

[

(a) Data quality governance model

(b) Data quantity governance model

3 B o i A AL PRS2

Fig. 3 Data quality & quantity governance processing models overview
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