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A B S T R A C T

Machine learning (ML) is increasingly applied in materials discovery and property prediction, mainly due to its 
advantage of low-cost and efficient data analysis process. The materials data quality can heavily influence the 
performance of ML models. However, most current data quality improvement approaches are purely data-driven, 
neglecting materials domain knowledge and data quality issues latent in the entire process of ML modelling. 
Here, we address the definition of high-quality data and propose a general framework for ML-oriented MATerials 
Data Quality Governance incorporating domain knowledge (MAT-DQG), involving nine dimensions defining 
WHAT materials data quality should be evaluated, lifecycle models guiding WHEN to execute data governance 
activities in the entire process of ML modelling, and processing models guiding HOW to detect and address issues 
related to materials data quality. 60 datasets from materials ML studies are assembled to demonstrate potential 
utility and applications of MAT-DQG, including mining complicated structure-activity relationships in metals, 
inorganic non-metals, polymers, and composite materials. MAT-DQG identifies and resolves issues in 17 datasets 
and as a result prediction accuracy improvements of up to 49 % are achieved. Our work lays a foundation for 
governing ML-oriented materials data and ensuring its reusability and reliability, which advances the frontiers of 
materials discovery and design.

With its strong capability for data analysis, machine learning (ML) 
plays an increasingly important role in accelerating novel materials 
discovery and design [1–4]. The reliability and credibility of ML models 
are largely affected by materials data issues (e.g., inaccuracy, noise, and 
insufficiency), which seem ubiquitous and inevitable due to measure
ment errors, equipment failures, calculation defects, and the laborious 
process of acquisition. Furthermore, while most materials researchers 
show interest in developing ML modeling for specific tasks, very few of 
them undertake tedious and time-consuming data work [5–7], resulting 
in the lack of easy access to high-quality ML-oriented data of sufficient 
volume [8], despite the fact that ML models accuracy strongly depends 
on the materials data quality and quantity [9]. Although a synergistic 

data quantity governance flow was proposed in the previous research by 
exploring the governance towards feature and sample quantities [10], 
the methodologies to assess and monitor the other critical factor, namely 
data quality, still remain to be addressed.

High-quality ML oriented materials data should possess three char
acteristics, i.e., it should be free from erroneous data to provide data 
accuracy [11], fit the purpose of ML modeling to provide data usability, 
and satisfy the accessibility requirements to provide compatibility with 
downstream tasks. Some efforts [12–16] were previously made to 
improve materials data quality in terms of accuracy at the data pre
processing stage [17], redundancy at the feature engineering stage [18], 
or unbalanced distribution at the model construction stage [19]. 
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However, several more challenges still exist for the assessment and 
improvement of materials data quality: (i) Comprehensive improvement 
of the reliability and performance of ML model analysis can be hardly 
achieved by improving only one specific dimension at a particular stage 
of ML modeling. (ii) Existing data science approaches [20–24] to 
ML-oriented data quality improvement primarily focus on a sample 
level, typically in a single data format. Although FAIR data guidelines 
[17], which are designed to ensure traceability, format consistency, and 
integrity of multi-source data, have been introduced into the field of 
materials science by Draxl et al. [25], practical and concrete schemes are 
still lacking in real-world applications. To overcome the challenge of 
discovering high-quality materials datasets adhering to the FAIR prin
ciples, some efforts focus on the construction of appropriate tools [8, 
26–28]. For example, Schmidt et al. [29] introduced a software named 
Foundry-ML, which opens accessible pathway to publish and discover 
ML-oriented structured datasets for researchers. However, these studies 
ignore the fact that data quality issues exist in the entire process of ML 
modelling, thus comprehensive evaluation of essential dataset charac
teristics, e.g., data accuracy and redundancy, can further benefit ML 
modelling [30]. (iii) The longstanding challenges associated with purely 
data-driven approaches also remain in the governing process of mate
rials data quality, such as neglecting domain knowledge, inconsistency 
between the simulated and real data distributions, or the inappropriate 
assignment of relative importance to the descriptors or samples [31–33]. 
Hence, a general framework, addressing different data quality issues to 
globally govern materials data quality throughout the entire ML process 
under the guidance of domain knowledge is in urgent need but still 
lacking [34].

To this end, we propose a general framework for MATerials Data 
Quality Governance incorporating domain knowledge (MAT-DQG) for 
ML, which ensures reusability and reliability of the materials data. This 
framework comprises the definition of comprehensive assessment di
mensions for materials data quality, mapping between assessment di
mensions and the entire lifecycle of materials data, and the organized 
and standard integration of each governance component. The develop
ment of the framework aims to bridge the communities of ML and ma
terials science and can be summarized as follows: 

1. The quality requirements to ML-oriented materials data at all stages 
of the whole life-cycle are clearly defined, such as generation, 
collection, processing, modeling, and application and the data 
quality is assessed in multiple dimensions, i.e., six inherent quality 
dimensions (redundancy, traceability, consistency, accuracy, time- 
sensitivity and completeness) and three contextual quality di
mensions (insight, normalization and balance), to clarify WHAT 
materials data quality should be assessed.

2. A lifecycle model is further constructed to regulate all activities 
related to quality governance in all the nine dimensions, thus 
providing a standard for the practical step-by-step governance of 
materials data quality in ML, which determines WHEN the process
ing models should be performed.

3. With the incorporation of materials domain knowledge, processing 
models are designed, which aim to detect issues along with the 
process of ML modeling and provide targeted methods to improve 
materials data quality for all quality assessment dimensions, thus 
describing HOW to govern data quality. Note that considering the 
spectacular ability of data analysis and processing of large language 
models (LLMs) [35], such approach will be discussed in governance 
schemes aiming at accuracy and redundancy.

Regarding the application, MAT-DQG is thoroughly evaluated on 60 
publicly available ML-oriented materials structured datasets as a case 
study. That demonstrated not only its capability of monitoring data 
quality through the whole process of ML modelling and improving ac
curacy in the assessment of materials data quality and its effectiveness of 
quality governance but also lead to improvement in the accuracy of the 

corresponding ML models. In summary, the theory and techniques dis
cussed in this article lay a foundation for assessing and improving the 
quality of ML-oriented materials data, which advances the frontiers of 
ML towards accelerating materials discovery and design.

Framework for ML oriented Materials data quality governance 
incorporating domain knowledge

The overall schematics of MAT-DQG are shown in Fig. 1, which 
consists of data quality dimensions, lifecycle model, and processing 
models.

2. Dimensions of materials data quality governance

2.1. Data quality dimensions (DQDs)

Considering that data quality is a complex concept, we define nine 
crucial quality dimensions of materials data that affect ML modeling, as 
shown in Fig. 2a. This helps to visualize WHAT quality of materials data 
should be assessed for ML modeling. These nine dimensions can be 
divided into inherent and contextual types.

2.2. Inherent type

Inherent Quality Dimensions (IQDs) generally refer to objective and 
native data attributes that constitute the focus of researchers in different 
fields for various data tasks (e.g., data analysis [36]). Herein, we provide 
definitions of six crucial IQDs, as listed below.

2.2.1. Traceability
measures whether the acquisition and ML-based processing of materials 

data is traceable. Repeatability is another key factor in determining the 
reliability of a ML project. Since sources of materials data are diverse 
and have various degrees of trustworthiness and quality, it is necessary 
to ensure that the input data of ML can be traced. In addition, data 
processing is generally a semi- or non-transparent process accompanied 
by randomness, which should also be traced.

2.2.2. Completeness
measures whether all data used for training ML models and other critical 

additional information are recorded with no missing entries. Most ML 
models cannot be effectively trained on the datasets with missing values. 
The loss of data may occur during the process of data generation, entry, 
and transmission. For instance, Bond Valence Site Energy (BVSE) 
method [37] cannot calculate the energy barrier of compounds con
taining hydrogen due to the intrinsic limitations and thus yields 
incomplete datasets. Moreover, the integrity of additional information 
(e.g., meta-data) is closely related to the traceability and reusability of 
ML projects.

2.2.3. Time-sensitivity
captures the varying physical/chemical properties that materials data 

may exhibit across different time periods. This evaluation dimension en
ables researchers to gain deeper insights into the underlying patterns 
embedded within current materials data, thereby facilitating more 
rational organization and utilization of material data to implement more 
meaningful ML modelling.

2.2.4. Consistency
measures whether samples in the multi-source dataset are represented in 

the same way and whether data with dependencies are correctly correlated. It 
makes no sense to train ML models based on the dataset with in
consistencies. Different sources generally have different specifications 
for data generation, characterization, and storage, leading to inconsis
tency issues in multi-source dataset, such as different coding rules, 
measurement units, etc. In addition, some operations may produce 
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inconsistencies in materials data during the process of ML application 
and data quality governance. For example, the structure files may have 
already been modified, whereas the calculated data are still based on the 
original structures.

2.2.5. Accuracy
measures whether data is recorded correctly and reflects realistic values. 

Given the “garbage in, garbage out” principle, erroneous data will lead 
to incorrect ML results, thus reducing the reliability of ML. Materials 
data often have well-known uncertainty or error, which hinders effec
tive ML models modelling [38]. For example, Ehull (energy relative to 
convex hull) is a typical estimate of thermodynamic stability and largely 
relied on as a key criterion for materials design. However, its compu
tation is highly sensitive to the choice of competing phases in phase 
diagrams, and the incompleteness of phase diagrams or the presence of 
artificially stabilized phases can lead to large errors in Ehull [39]. 
Meanwhile, for unstructured materials data, one vital process is the 
transformation of “unstructured” into “structured” type, which ensures 
that ML models can accurately capture key information latent in such 
data.

2.2.6. Redundancy
measures whether data contains redundant information. Redundant in

formation will bias ML results. Unfortunately, redundant features (de
scriptors) are ubiquitous in the materials datasets. For instance, while it 
was reported that 111 features may possibly be associated with ionic 
transport, only 23 of them are effective descriptors to the prediction of 
diffusion barriers in FCC solute [40]. In addition, the same entity may be 
represented in different sources with certain differences, contributing to 
redundancy through duplicate samples. There is growing evidence that 
the accuracy of ML models hinges on large amount of diverse training 
data, namely if critical subdomains are underrepresented, predictions in 
those fields may falter, nevertheless [41].

2.3. Contextual type

As the framework proposed in this work focuses on ML-oriented 
data, we here define contextual quality dimensions (CQDs) for the 
data only employed for ML modelling. CQDs include the following three 
dimensions.

2.3.1. Balance
measures whether the population of different classes in the entire dataset 

is balanced. The imbalanced dataset may result in biased ML results, 
which often occurs when the number of samples representing one class is 
much larger (or smaller) than those of other classes.

2.3.2. Normalization
measures whether materials data has been converted into the represen

tation or organization forms suitable for ML modeling as required. Typically, 
the values of different features should be normalized into the same 
magnitude under principles recognized by ML community. Neverthe
less, materials data often consists of multi-scale features with different 
magnitudes, which can interfere with the feature importance evalua
tion. For example, non-normalized data can introduce noise, which 
impacts the accuracy and interpretability of ML models.

2.3.3. Insight
preliminarily quantifies the learnability of materials data before time- 

consuming analyses. For any ML project, a prerequisite for its success is 
that the learning goals must be potentially learnable from available data. 
But the definition of goals typically relies on domain knowledge of 
specific experts, making the learnability of the collected materials data 
questionable. Hence, it is necessary to rapidly explore potential patterns 
(i.e., insight) using various ML techniques—such as clustering, classifi
cation, and regression—before undertaking more time-consuming 
analyses.

3. Lifecycle model (LCM) of materials data quality governance

Rather than being a one-off step, the materials data quality gover
nance should be ongoing during the entire process of ML application 
since data operation occurs at almost every stage of ML. Different data 
operations may also affect different data quality dimensions. Sometimes, 
the issue detection and quality improvement may even require the 
introduction of different methods at different stages. Herein, we estab
lish a lifecycle model to govern materials data quality for ML, which 
guides WHEN to execute governance activities. This model consists of a 
lifecycle of materials data (LC-MD) during the whole process of ML 
application and lifecycle of data quality governance (LC-QG). These two 
lifecycles, together with their relationship with the nine dimensions, are 
shown in Fig. 2b.

Fig. 1. Overall schematic of MAT-DQG. The data quality dimensions (DQDs) define the issues of data quality and provide life-cycle model (LCM) with input; LCM 
provides the routes of data quality governance for researchers according to DQDs; Following the LCM, the processing models (PMs) provide specific solutions. The 
framework comprehensively evaluates the data quality in terms of WHAT, WHEN and HOW.
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3.1. Lifecycle of materials data (LC-MD)

The general process of ML in materials science includes target 
identification, sample construction, model building and application 
stages [42,43]. According to different operations on materials data at 
different stages, LC-MD is proposed. As shown in Fig. 2b, it includes data 
planning, data generation or collection, data featurization, data 
pre-processing, data exploratory analysis, and data application. Mate
rials domain knowledge plays different roles at each stage.

Data planning is the initial stage of LC-MD corresponding to the target 
definition stage of the ML general process. At this stage, researchers 
determine materials data acquisition by combining domain knowledge, 
such as materials type, target property, and data source. Subsequently, a 
raw materials dataset for ML is constructed after the data generation or 
collection and data featurization stages of LC-MD. At the former stage, the 
source files of materials data specified at the data planning stage are 
collected, such as materials structure and target property files. At the 
latter stage, parameters (termed features) influencing target properties 
specified at data planning stage are first appropriately determined ac
cording to physical meaning and then transformed into numerical values 
based on source files. Finally, a raw dataset that can be processed by 
computer for ML modeling is obtained. In general, descriptor selection is 
a step that involves most human intervention and has a shaping influ
ence on ML model performance.

Data pre-processing is a critical stage to improve the quality of raw 
materials dataset for ML modeling. At this stage, many data quality is
sues are identified and dealt with by means of various data-driven 
cleaning approaches generally, such as missing values, outliers, and 
class imbalance [44]. Nevertheless, the values of descriptors or target 
properties always have physical restrictions in the context of materials 
knowledge, and it is difficult to automatically catch anomalies that 
break these restrictions for purely data-driven methods. Therefore, it is 
important to develop novel methods for materials data pre-processing 
by combining with materials domain knowledge [45].

Data exploratory analysis stage provides data application stage with 
guidance for final ML modeling. Due to complexity and specificity of 
materials issues, general-purpose ML models may be ineffective in many 
cases. For example, the generalization of some ML models will be poor 
with small-size, imbalanced, or too complicated materials data. [46,47]
In this stage, the characteristics of the underlying pattern of materials 
data are explored with standard ML methods. These “characteristics” are 
not only helpful for the design of better ML models but also provide 
researchers a valuable opportunity to re-examine the rationality of 
target definition and data generation or collection under the guidance of 
domain knowledge.

3.2. Lifecycle of materials data quality governance

Different data operations at each stage of LC-MD induce that the data 
quality dimensions involved in each stage also differ. Identifying data 
quality dimensions at each stage of LC-MD is beneficial for targeted 
improvement of the reliability of data quality governance. To this end, 
LC-QG is defined by responding to LC-MD. LC-QG is divided into nine 
stages, including one definition stage, seven quality governance stages, 
and the final maintenance stage. Materials domain knowledge is 
involved at each stage of LC-QG. Finally, there exists a comprehensive 
mapping relationship between the various stages of LC-QG and LC-MD, 
enabling the synchronization of the machine learning process with the 

data quality governance process.
The execution order is shown in Fig. 2. Firstly, the definition stage 

should be finished before LC-MD starts. Its task is to determine data 
quality governance objects, dimensions, and so on. Herein, the taxon
omy of governance objects is master- and meta-data. The former is 
used for ML modeling, and the latter is used to understand the physical 
meaning and quality of materials data, such as data type, coverage, 
source, and materials domain knowledge about target properties and 
features (e.g., descriptors). Once the data planning stage of LC-MD be
gins, the traceability governance is initiated and does not stop until LC-MD 
ends. It records information about the generation, collection, and pro
cessing of master- and meta-data. Completeness governance is required to 
evaluate and improve the integrity of dataset for ML modeling and 
crucial additional information (e.g., provenance information), so it goes 
along with traceability governance to verify the integrity of provenance 
information. Subsequently, data consistency, accuracy, and redundancy 
governance are sequentially activated and executed. Specifically, data 
consistency ensures uniform value dimensions within each feature, 
optimizing the efficacy of downstream operations; Data accuracy veri
fication validates the correctness of values and features, which in turn 
enables data redundancy governance to efficiently detect and eliminate 
redundant features and samples. Note that in any case these three gov
ernances must be finished before the data application stage of LC-MD, 
otherwise the results of ML model may be unreliable. Time-sensitivity, 
balance, normalization, and insight governance should also be finished in 
this period. Therein, time-sensitivity is finished at data generation or 
collection stage of LC-MD, because the time-related characteristics are 
always related to materials domain knowledge. Balance and normali
zation governance are finished at the data pre-processing stage of LC- 
MD. Insight governance stage is the last and started at data explora
tion analysis stage of LC-MD. Of particular notice is that these quality 
governance stages should cover all manipulations of traditional data 
pre-processing in theory, and the intermediate data generated from 
them should be fed back to the traceability governance. Moreover, they 
consider data quality evaluation, improvement, and validation based on 
materials domain knowledge.

Note that since available materials data represents a sample of the 
real world which constantly accumulates, the materials data quality 
detection becomes outdated as time passes. Therefore, maintaining a 
certain level of materials data quality cannot be limited to a one-shot 
approach. The maintenance stage of LC-QG focuses on the update of 
materials data and ML results after materials data is first used to tackle 
materials issues. Updating stored information and re-doing related 
governance operations should be executed at this stage. For example, if 
the master-data is changed, it is necessary to restart DQDs governance 
processes.

4. Processing models (PMs) for materials data

Although various data-driven methods to address data quality issues 
are available, their reasonable selection remains challenging for mate
rial scientists. Without appropriate consideration of domain knowledge, 
certain methods can even lead to flaws in ML models. To this end, under 
the guidance of LCM, we construct nine content-rich PMs for materials 
data in the form of two-dimensional table, aiming to provide insights on 
HOW to govern materials data quality through rational combination of 
data-driven methods and materials domain knowledge. As shown in 
Fig. 2c, each PM corresponds to one of the nine quality dimensions 

Fig. 2. Components of MAT-DQG. a, Data quality dimensions for ML in materials science. Inherent and contextual quality dimensions are indicated by green and 
blue boxes, respectively. Influence factors of different quality dimensions are represented by the words used as the starting point of the smallest arrows. b, The 
lifecycle of materials data quality governance for ML modelling, and its mapping relationships with the lifecycle of materials data of ML. The flow represented by 
cyan boxes is LC − MD (lifecycle of materials data). The flow illustrated by blue boxes is LC − QG (lifecycle of materials data quality governance). Mapping re
lationships between LC − MD and LC − QG are represented by the gray boxes. c, PMs for nine quality dimensions, where blue boxes mean the statistical methods for 
assessing and improving data quality and the red ones means materials domain knowledge-embedded approaches matching the statistical methods.
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described above.

4.1. Traceability assurance

focus on characteristics of master-data itself (i.e., Basic meta-data) and 
its insight performance evaluated by ML models (i.e., Derived meta-data). 
For evaluating the credibility of ML results, it is important to clarify the 
content, sources, and acquisition way of the original master-data con
structed at the early stage of LC-MD. Using the original master-data, lots 
of derived data will be generated subsequently, which may be the 
revised master-data from quality governance, or the hyperparameters 
and results of processing models. These derived data capture the pro
cessing stages of LC-MD and showcase the added value of master-data. 
Hence, to make it easy for researchers to verify each stage of LC-MD, 
it is necessary to make ML-oriented data acquisition and processing 
transparent to ensure the traceability of both original master-data and 
derived-data. The process of data acquisition and processing can be 
traced by establishing a classified and multi-granular meta-data struc
ture and applying a provenance tracing mechanism. Note that the 
existing platform [48], ioChem-BD Platform, provides an insight of the 
setting of meta-data, based on the Dublin Core meta-data schema [49]. It 
captures not only the most basic bibliographic information about any 
digital asset but also records the descriptive information of quantum 
chemistry documents. However, such standards have failed to 
adequately account for the requirements of data services oriented to
wards ML. To this end, we divided the meta-data set in PM into basic 
meta-data and derived meta-data (i.e. the derived data), as shown in 
Fig. 3. The former refers to meta-data that describes the basic infor
mation of master-data, of which details can be seen in Section S1.1 in SI, 
while the latter refers to meta-data generated during the processing of 
master-data, which documents the analysis and application processes 
involved. Accordingly, the process of data acquisition and processing 
can be traced.

Moreover, for traceability of data processing, the scientific workflow 
(SWF) is a flexible tool for capturing scientific data and performing 
complex analysis on it [50]. There are many existing scientific data 
management systems for particular fields [50,51], and SWF provenance 
mechanism has increasingly become a core function of these systems 
[52]. Although the provenance mechanism of materials data has not 
been studied, some cross-domain SWF models may provide a promising 
solution, such as the cross-domain Content-rich and Fine-grained SWF 
Provenance Model (CF-PROV) propose by us [53]. It provides normative 
transformations and documentation declarations for multi-field SWFs, 

as well as can consolidate the traceability governance of master-data 
acquisition and processing. On the one hand, the derivation of 
master-data during various processing can be clearly depicted by the 
topology of the provenance graph of CF-PROV. On the other hand, the 
basic and derived meta-data (e.g., coding rule, model hyper-parameters, 
domain knowledge, visual tables and figures) can be embedded into the 
provenance mechanism of CF-PROV as extended attributes of the entity 
and activity.

4.2. Completeness protection

focuses on the completeness of master-data itself to ensure it can facilitate 
ML models to reveal real-world phenomenon accurately and its reusability 
and traceability (i.e., the completeness of meta-data). To this context, we 
believe that the completeness of both master- and meta-data need to be 
valued, which reflect value-level governance and the governance of its 
traceability. For meta-data, completeness can be maintained through a 
classified and multi-granular meta-data system. Therefore, the 
completeness protection of meta-data can be achieved by pre-defining 
the organizational structure and specific content of meta-data, and by 
real-time monitoring the generation and recording of meta-data during 
the processes of data acquisition, analysis, and processing. For master- 
data, the completeness of both features and values is equally impor
tant. Specifically, to ensure feature completeness, an effective approach 
is to leverage natural language processing (NLP) technologies to auto
matically collect features (e.g., descriptors) from literature [54,55]. 
Such approaches help mitigate human subjectivity and bias while 
enabling the collection of a relatively comprehensive set of highly 
relevant features, aligned as closely as possible with domain re
quirements; Following feature determination, any missing values or 
outliers (e.g., non-numeric values in numerical fields) are detected and 
corrected. For instance, Lin et al. [56] assembled an ML-oriented dataset 
after determining the descriptor combination but encountered issues 
with missing values that hindered accurate ML modeling. To address 
this, they employed a multiple imputation method [57] to impute the 
missing data. It is important to note that this data cleaning step occurs 
after the features of the master-data have been finalized. Moreover, 
limited ML models have been expanded for pattern recognition based on 
incomplete data such as artificial neural network, decision tree, support 
vector machine, XGBoost, and some fuzzy methods [58]. However, these 
models may exhibit poor prediction performance with missing values in 
key descriptors. Accordingly, missing imputation is another way to 
process the missing values of master-data. There are many 

Fig. 3. Diagram of the composition of meta-data. Basic meta-data is employed to record basic information of master-data (i.e., feature, sample and entire dataset). 
Derived meta-data is employed to record the information generated from in a master- data processing project that records the analysis and application of the 
master-data.
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general-purpose and purely data-driven methods, such as KNN, fuzzy 
c-means, rough K-Means, self-organizing maps, and probability density 
function-based methods, all with the caveat that simulated values in 
materials data may not exist in the real world. Therefore, the key is to 
test the rationality of generated data with materials domain knowledge, 
such as its empirical range and relationship with other data.

4.3. Time-sensitivity characterization

focuses on the featurization of time-sensitivity latent in master-data. On 
the one hand, due to the difference in materials domain knowledge, 
synthesis techniques, and representation methods, materials data 
generated in different periods may exhibit distinct characteristics. For 
example, nickel-based single-crystal superalloys have evolved through 
four generations. Although these alloys fall within the same class of 
functional materials, each generation exhibits marked variations in 
multiple critical aspects, e.g., chemical composition, phase constitution, 
heat treatment protocols, creep deformation behavior, and strength
ening mechanisms [59]. On the other hand, depicting a timeline for each 
sample of master-data indicating its characteristics published at 
different periods can provide an intuitive way of capturing data 
time-sensitivity (e.g., time-series data). For example, Li et al. [60] found 
that to ensure the best state of battery health diagnostic accuracy, the 
data used for modeling should be recorded when the voltage reaches 
middle value in a charge cycle. Similar conclusion is observed in mo
lecular dynamics [61], namely recording the error of on-the-fly simu
lation in real time can facilitate addressing the issues of data 
insufficiency and generalization in complex phase transition simula
tions. Moreover, the development history of materials reflects the 
exploration and discovery process of their property actuating mecha
nism, which can improve ML performances by providing prior guidance 
information for model selection and construction. Similarly, Meredig 
et al. [62] and Ling et al. [63] advocated to use potential patterns of 
previous materials data as the test set to evaluate the generalization 
ability of ML models in novel material discovery. It is worth noting that 
time-sensitivity cannot be used as an absolute indicator to evaluate the 
quality of materials data, rather than reflect the time-related charac
teristics of data quality. Therefore, time-sensitivity governance aims to 
find time-related characteristics as early as possible, so that ML tasks can 
be designed more rationally for material problems.

In the past, time-sensitivity characterization was usually executed 
manually and relied heavily on domain knowledge of materials experts. 
But now, statistical or ML technology promises to make this work semi- 
automatic, even full-automatic. Semi-automatic way refers to assistance 
to materials experts in identifying time-related characteristics that are 
not easily observed directly by using data-driven methods. For example, 
Bandt et al. [64] proposed permutation entropy to measure the 
complexity of time series in a simple, robust, and computationally effi
cient way. Based on this, Pessa et al. [65] proposed a simple and 
open-source Python module (named ordpy) that implements permuta
tion entropy and several of the principal methods to analyze time series 
data. Through this way, the implicit rules of materials data are extracted 
in advance by means of clustering or association rule mining methods, 
then materials domain knowledge is used to verify whether there is a 
mapping between the potential pattern of materials data and time. 
Full-automatic method automatically establishes relationship between 
the potential pattern of materials data and time using data-driven 
methods. NLP and text mining techniques are promising. They can 
automatically process unstructured text, as a proxy for the accumulated 
domain knowledge, and learn underlying patterns. For example, Tshi
toyan et al. [66] successfully developed a method to identify promising 
thermoelectric materials by introducing time factors and employing NLP 
techniques. Nie et al. [67] developed a knowledge graph named MatKG 
through NLP techniques and successfully constructed a graph for 
LiFePO4 used for lithium-ion batteries.

4.4. Consistency check

focuses on the detection of uniform representation approach of master- 
data. Effective ML modeling requires that the “irrelevant factors”, which 
influence target properties but not explored, are as consistent as 
possible. Therefore, the consistency detection of master-data checks 
whether all samples are uniformly represented in the same way. Samples 
whose “irrelevant factors” are not expected values need to be regener
ated or retrieved or even removed from master-data. For example, if an 
ML project is only to study the relationship between component- and 
structure-related descriptors and target properties, then all samples 
should be captured under the same conditions including experimental 
environment, measuring instrument parameters, coding rules, and so 
on. Beyond consistency of the samples, the consistency detection of the 
information among files will ensure that data is correctly identified and 
utilized in future.

4.5. Accuracy improvement

focuses on the outlier from value-based (i.e., data value of single feature 
and data values of associate features) and relationship-based (i.e., re
lationships among features and feature and target property) perspectives. 
Noise from the process of data acquisition results in outliers, which 
heavily increases the aleatoric uncertainty. Hence, uncertainty quanti
fication should be valued and can be employed to assist the detection of 
outliers. Existing statistical techniques generally detect outliers from 
structured data as data points deviating from the global data distribu
tion. However, the materials data quantity is typically smaller than that 
in other fields, which may lead to the inaccuracy of outlier detection by 
traditional data-driven techniques. Thus, the incorporation of materials 
domain knowledge about the relationship among data becomes neces
sary. Hence, a classified and layered accuracy improvement system is 
shown as Fig. 4, which can help researchers to quantify the aleatoric 
uncertainty, meanwhile, design and organize various outlier detection 
methods based on values and relationships.

For the accuracy governance of structured data values, single- and 
multi-dimensional outlier detection methods are proposed in ML com
munity, which identify “outlier-values” in single-dimensional data space 
and “outlier-samples” in multi-dimensional data space. In single- 
dimensional data space, data is considered abnormal if certain de
scriptors exhibit unreasonable data types and value ranges. Single- 
dimensional outlier detection measures whether a given single- 
dimensional datum is reasonable. Similarly, the accuracy governance 
of structured data relationships is a process dominated by materials 
domain knowledge and assisted by data-driven methods, because 
meaningful relationships only exist in the context of domain knowledge, 
such as the importance of descriptors, the dependency among de
scriptors, and the law between descriptors and target property. Data- 
driven correlation analyses such as Pearson Correlation Coefficient 
(PCC) [68], Spearman Correlation Coefficient (SCC) [69], and Maximal 
Information Coefficient (MIC) [70] provide good assistance to capture 
these relationships. Moreover, LLM is gradually introduced into the 
improvement of structured data accuracy due to its capability of 
one-shot or few-shot context [71,72]. For example, Narayan et al. [73]
casted five data cleaning and integration tasks as prompting tasks and 
evaluated the performance of LLMs on these tasks, of which results 
showed that LLMs generalized and achieved state-of-the-art perfor
mance on data cleaning and integration tasks, even though they are not 
trained for these data tasks (i.e., zero-shot context). However, for un
structured materials data, representation learning plays key roles in 
improving its accuracy, which transforms “unstructured” into “struc
tured” for ML modeling. In this process, values and relationships can be 
mapped to reasonable space.
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4.6. Redundancy elimination

focuses on the redundancy of features and samples of master-data. Note 
that good representations are expressive, meaning that a reasonably 
sized learned representation can capture a large number of possible 
input configurations [74], namely high correlation among features (i.e., 
redundant features) can have a negative impact on ML modeling. Hence, 
eliminating redundant features is the goal of feature engineering for 
structured data [75]. Though there are many mature feature selection 
(FS) and transformation methods widely used in materials science, most 
of them are purely data-driven and ignore the prior knowledge about 
descriptor relative importance. Hence, it is a key issue to develop FS or 
feature transformation methods with the incorporation of materials 
domain knowledge. For example, we proposed a multi-layer FS method 
incorporating domain expert knowledge, where the importance of de
scriptors is introduced into the feature selection process via domain 
knowledge to ensure key features to be accurately selected [76]. It not 
only alleviates the risk of removing key features in the context of ma
terials domain knowledge but also preserves the predictive precision of 
ML models in terms of data itself. Moreover, we transferred the materials 
domain knowledge for the relationships between descriptors into 
Non-Co-Occurrence Rules (NCOR) and embedded NCOR into the process 
of FS [77] and proposed a feature selection method (NCOR-FS) to reduce 
correlations among features by embedding domain knowledge. The 
correlation between various factors affecting the ion transport perfor
mance of solid electrolyte is transformed into NCOR and embedded into 
the objective function of the feature selection. Moreover, it is effective to 
design high-performance descriptors or representation approaches, to 
conquer the issues of redundant features, of which details can be seen in 
Section S1.3 of SI.

For sample redundancy, it refers to the repeated occurrence of ei
genvectors representing the same entity in master-data. The naive rule 
for recognizing and eliminating redundant samples is that if eigenvec
tors of several samples are identical, then only one of them is retained. In 
this case, the simple complete matching can be used. However, in most 
cases, one entity is represented by inequivalent eigenvectors in different 
sources. Therefore, redundant sample recognition is knowledge- 
intensive and domain-specific. Moreover, both semantic- and data-level 
similarity should be considered to recognize redundant samples when 
defining redundancy entity identification rules based on domain 
knowledge of materials. In MAT-DQG, similarity measurement at 
semantic-level can be done by evaluating the similarity of some sample- 
grained meta-data and related materials domain knowledge. For 
example, if external conditions are consistent, the samples with chemi
cal formula Na6Zr12P18O72, NaZr2P3O4, and NaZr2(PO4)3 are corre
sponding to the same compound. For similarity measurement at data 
level, the recognition for redundant samples can be conducted via 
similarity calculation among samples on key descriptors (i.e., it is easy to 

distinguish between entities). Herein, data-driven similarity measure
ment methods are useful, such as sorted neighborhood [78], or fuzzy 
duplicate elimination [79]. More rigorously, different recognition rules 
have different confidence degrees. To this end, the rules can be repre
sented by “IF-THEN” logic with confidence coefficient [80], which can 
be seen in Section S1.3 in SI.

It is important to note that different material target properties 
correspond to distinct prediction tasks, and varying feature represen
tation methods (e.g., different descriptor combinations) or target prop
erties can directly impact ML models used for revealing structure- 
activity relationships. To this end, we primarily focus on sample 
redundancy within individual datasets, ensuring both traceability and 
reusability of each dataset. For example, Evans et al. [81] constructed 
datasets with two different descriptor combinations (31 and 33 de
scriptors) and two properties (i.e., Bulk moduli and Shear moduli), 
which can be regarded as four different datasets for two tasks, i.e., 
prediction for Bulk moduli and Shear moduli, instead of two datasets for 
one task. This is because ML models can construct certain relationships 
between one descriptor combination (or features) and one target prop
erty only.

4.7. Imbalance discovery and remediation

focuses on modifying imbalance distribution latent in master-data. 
Clarifying the category of samples is a prerequisite to measure whether 
master-data has an imbalanced distribution on sample space, but sample 
category may be implicit. Ideally, the materials domain knowledge is 
expected to be used to classify samples into reliable categories. For 
example, ionic conductivity 10− 4Scm− 1 can be used to screen superionic 
and non-superionic structures of solid lithium-ion conductor materials 
[3]. The band gap energy range of 0.9 ∼ 1.7eV can be used to distinguish 
promising and non-promising solar cell materials [82]. However, since 
the property actuating mechanisms are typically complex, it is difficult 
to determine sample category for materials experts in most cases. At this 
point, data-driven discretization techniques can be used to generate 
prior categories for materials experts. Univariate discretization methods 
[83] can classify samples by dividing target property values into several 
discrete intervals. Clustering-based methods [84] are popular multivar
iate discretization methods, they classify samples by measuring similar
ities among samples in multi-dimensional feature space. To reduce or 
even eliminate the imbalance distribution of samples in a fixed feature 
space, the optimal way is to generate or collect more data. For example, 
Niblett et al. [85] obtained 200 configurations of a liquid from molec
ular dynamics simulations with OPLS-AA force field covering states at 
different temperatures and pressures to ensure the diversity of training 
dataset and incorporated the near-equilibrium configurations of 200 
isolated ethylene carbonate molecules and 400 isolated ethyl methyl 
carbonate molecules to enhance the ML models’ sensitivity to 

Fig. 4. Classified and layered structure for designing and organizing all outlier detection rules. The dark grey square represents the outlier-values or samples. 
The pink square refers to the target property of interest.
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intramolecular interactions, based on the anticipation of potential de
ficiencies in the models. Moreover, class imbalance is a hot topic with 
long research history in ML community [86]. A considerable amount of 
data-driven approaches without adding new samples have been devel
oped to reduce negative impact of data imbalance on modeling in 
different domains [87], which is promising to be applied in materials 
science.

4.8. Data normalization

focuses on master-data value and dataset partition. For value normali
zation, ML results are affected by the measurement units of descriptors. 
In general, descriptors with smaller units have a larger range of values, 
and they tend to have a larger influence on target properties. Value 
normalization attempts to eliminate this bias for ensuring that ML model 
objectively reflects the influence of descriptors on target properties, and 
it also facilitates ML algorithms to converge [88]. Value normalization 
methods require that values are scaled according to transformation 
function with invariant relativity among values, such as min-max 
normalization scales or zero-centered normalization. For example, 
Schütt et al. [89,90] observed that the neural network can be more 
stable when normalizing the filter response by the number of atoms 
within the cutoff range. Geiger et al. [91] constrained spherical har
monics to a maximum value of 1, and initialized the weights as some 
normalization constant multiplying a learned parameter initialized 
randomly with a normalized Gaussian, to ensure the GNN accurately 
capture the equivariance of materials. Based on this, Batatia et al. [92]
employed this normalization strategy for the implementation of the 
one-particle basis. Meanwhile, to construct the ML model with high 
performance, master-data should be divided into training, validation, 
and test datasets. Training dataset is used to train ML models for 
learning potential patterns of master-data. Model selection and 
hyper-parameters determination are performed on validation dataset. 
Test dataset is used to assess the generalization of selected and opti
mized ML models. There are two pitfalls to be avoided, i.e., information 
leakage and information missing. To solve the former, it should be ensured 
that no same or extremely similar samples appear in training and vali
dation (test) datasets simultaneously. Otherwise, the generalization of 
ML models would be exaggerated. The latter is solved by preventing 
dissimilar or mutually exclusive samples that always appear separately 
in training and validation (testing) datasets. Otherwise, ML results 
would be biased because of insufficient information diversity of training 
dataset.

4.9. Insight exploration

focuses on independent-dimension (i.e., single feature and single rela
tionship between one feature and other features or target properties) and 
joint-dimension (i.e., multiple influence of features on target properties) in
sights. For the first one of independent-dimension insight, there are two 
suggestions: It is beneficial to understand data distribution in terms of 
single-dimensional values through typical statistical measures (e.g., 
medians, means, quantiles), and introducing some visual diagrams (e.g., 
box plot, violin plot, frequency distribution histogram). Novelty analysis 
is the topic related to outlier detection and allows to share related 
techniques, which aims at detecting previously unobserved novel pat
terns from data [93]. Univariate novelty analysis is used to find 
distinctive values of crucial descriptors, and it is of importance to 
explore the reason why these values emerge based on materials domain 
knowledge. For the second one of independent-dimension insight, there are 
two suggestions: Analyzing correlation between single descriptor and 
one target property by two-dimensional scatter plots, which is also a 
common method used by materials experts [94]. However, the scatter 
plots are hardly adequate when the relationship is complex. Correlation 
analysis techniques can explore more complex relationships, such as 
PCC, SCC, MIC, linear regression, and polynomial fitting. Redundant or 

key descriptors can be found based on these techniques, then used to 
guide feature engineering or the construction and interpretation of ML 
model as prior knowledge. For the joint-dimension insight, exploring it is 
useful to understand the characteristics of potential patterns in materials 
data by using some easy-to-operate ML models, for finding the optimal 
ML model more rapidly. Three suggestions should be considered 
collectively: unsupervised methods [95], (semi-) supervised methods, and 
automated ML [96,97]; see Section S1.4 in SI for details.

5. Case study for structured materials data

5.1. Dataset

The model performance can vary substantially with different tasks. 
To this end, we collected 60 various materials datasets from literature to 
evaluate the effectiveness of MAT-DQG, with details provided in Section 
S2.1. Fig. 5a shows the category distribution of collected datasets, with a 
detailed description of leaf nodes. It can be seen that most researchers 
only focus on the dimensions of “accuracy”, “insight”, and “redundancy” 
(Fig. 5b). To further present the details of data quality governance, 7 
representative materials datasets exhibiting different properties and 
data characteristics are selected (details can be found in Table 1 and 
Section S3 of SI). Finally, details of the data governance process of 
NASICON-type solid electrolyte material are presented here as the case 
study. Migration energy barrier reflects ion transport properties of solid 
electrolytes. Hence, this study leverages high-throughput screening 
platform for solid electrolytes (SPSE) [37,98] and its calculation pro
gram of Bond Valence Site Energy (BVSE) to obtain the values of energy 
barriers which is regarded as the target property.

5.2. Evaluation metrics

To comprehensively evaluate the ML models, this study employed 
Root Mean Square Error (RMSE) and R2 to measure the difference be
tween predicted and true value, as shown in Eqs. (7) and (8). Thereinto, 
RMSE is sensitive to maximum or minimum error in a set of predicted 
values. R2 can reflect the model fitting degree of predicted values. To 
simplify the results, R2 is employed to evaluate the performance of ML 
models, the results of other metrics can be seen in Section S3 in SI. 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1

(
yʹ

i − yi
)2

√

(7) 

R2 = 1 −

∑n
i=1(yʹ

i − yi)
2

∑n
i=1(y − yi)

2 (8) 

where yi means true value of sample i; ýi means the predicted value of 
sample i; y is the average of y.

5.3. Model selection

The performance of different ML models differently depend of the 
materials data quality [97]. Hence, we here select 7 common ML 
models, of which prediction performances are employed to evaluate the 
quality of governed dataset, i.e., Multiple Linear Regression (MLR) 
[104], Ridge Regression (RR) [105], Least Absolute Shrinkage And Se
lection Operator (LASSO) [106], Support Vector Regression (SVR) 
[107], K-Nearest Neighbour (KNN), Gaussian Process Regression (GPR) 
[108], and Random Forest (RF) [109]. Thereinto, the kernel functions of 
SVR and GPR are set as radial basis function. All these ML models are 
implemented in Python in the Scikit-learn toolkit [110] and Bayesian 
optimization algorithm (BOA) [111] is employed for hyperparameter 
optimization of ML models above, of which details of parameter setup 
can be seen in Table 2. Meanwhile, each materials dataset is divided into 
training set and testing set with the ratio of 8:2 randomly, and the 
models are trained on training set by 10-fold cross-validation, and then 
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testing set is employed to validate the stability and robustness of ML 
models.

5.4. MAT-DQG for 60 materials datasets

Here, MAT-DQG is employed to evaluate and improve the quality of 
60 materials datasets. The execution order of each evaluation dimension 
is guided by MAT-DQG’s LCM, and the process iterates continuously 
until no quality issues are detected. For the step of accuracy improve
ment, three outlier detection methods are selected, i.e., box diagram 
method, Isolated Forest (IF) and Local Outlier Factor (LOF). For box 

diagram method, the interquartile spacing IQR is set as 1.5 and data 
points outside the range of 5–95 % are detected as outliers. For IF, the 
proportion of outliers (contamination) is set as 0.1, which runs 10 times 
randomly. For LOF, the nearest neighbour is set at 20. All other pa
rameters in the three methods are kept as the default. All other pa
rameters in the three methods are kept as the default. For redundancy 
elimination, the experimental setup of Non-Co-Occurrence Rules 
Feature Selection (NCOR-FS) is the same as the original study [77]. The 
detection methods of each dimension, except Insight, for 60 datasets are 
shown in Table S6. Fig. 6 shows the overview of the governance process 
of MAT-DQG on all datasets. It is worth noting that most of the datasets 

Fig. 5. Statistical information of 60 datasets. a, the category distribution of 60 materials dataset. b, distribution of data quality governance in original research.
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are collected from peer-reviewed published works, thus their quality is 
comparatively high and there are no issues in the dimensions of trace
ability and consistency. As different data distribution may affect the 
prediction performance of ML models, thus the models of insight 
detection are shown in Table S7. Fig. 7 illustrates the insights of 60 
datasets with and without execution of MAT-DQG, where 17 datasets are 
identified as problematic and the insights (namely the best performance 
of ML model) of 16 datasets, except MD22 and MD16, gain improvement 
after MAT-DQG. This may be because, although these two revised 
datasets maintain compliance with materials domain knowledge, its 
expanded data distribution surpasses the modelling capacity of con
ventional shallow ML algorithms. Meanwhile, we observe that MD29 
gains impressive improvement of insight. Actually, this dataset is con
structed from scratch by us, i.e., collecting relevant CIFs, preliminarily 
defining the descriptor combination and calculating them for obtaining 
usable data. Therefore, the insight of this raw dataset is less desirable. 
Then, after MAT-DQG, there are three CIFs with abnormal temperature 
and 26 redundant features are detected. Through governance, MD29 
possesses the tidy descriptor combination and accurate descriptor 
values, which enable these shallow ML models to accurately learn the 
general patterns latent in the revised dataset. More details of governance 
of MD29 can be seen in the Example of NASICON-type solid electro
lyte section. With MAT-DQG, quality of the datasets could be increased, 
and performance of the ML models further improved, compared with 
original works.

5.5. MAT-DQG for 7 Representative materials datasets

To illustrate the governance details, we here select 7 diverse and 
representative materials datasets from 60 materials datasets, of which 
results of issue detection and governance process are presented in 

Table 3. Since the datasets, except MD29, are collected from the liter
ature, their traceability, consistency and completeness can be guaran
teed. To probe time-sensitivity, MD8 is from 4 different literature 
sources published between 1998 and 2015, with a large time span and 
covering four generations of nickel-based single crystal superalloy. 
Therefore, MD8 can be defined as a problem of time sensitivity and is 
necessary to reasonably divide the dataset according to the character
istics of periods. In contrast, other datasets exhibit no significant char
acteristics variation over the analyzed period, making it appropriate to 
exclude time factors from subsequent analysis. Through three- 
dimensional data accuracy detection, abnormal samples are detected 
from MD8, MD15, MD29, MD30, then we perform removement for these 
samples, to ensure low disturbance in the datasets. Moreover, two 
outlier points are detected in MD30, and we correct their values ac
cording to Ref. [100]. Then, redundant descriptors are further detected 
and removed from MD15, MD29 and MD33, which shows that there are 
latent data quality issues even in the published datasets. Table 4 illus
trates the average accuracy of data quality governance in different 
datasets. From the prediction performance of ML models, most of the ML 
models gain significant improvement in predictive accuracy. However, 
several ML models in some datasets fail to learn the latent patterns after 
data quality governance, especially MD33. This phenomenon results 
from the fact that the distributions of the datasets have greatly changed 
due to the operations of data point modification and sample exclusion. 
ML data-driven that purely data-driven ML models greatly depend on 
the data, thus the incorporation of domain knowledge is necessary for 
the capture of important features in ML models. No issues are detected 
for the MD18 and MD1 and the prediction results based on them. It is 
obvious that MAT-DQG can accurately detect and modify the abnor
malities latent in different materials datasets, which motivates the 
construction of high-precision ML models. The details of MAT-DQG for 
these 7 datasets can be seen in Section S3.1~S3.7 in SI.

5.6. Example of NASICON-type solid electrolyte

NASICON-type solid electrolytes have been widely studied in the 
field of electrochemical energy storage and conversion due to their good 
thermal stability, chemical stability, and simple and rapid synthesis 
process. As one of the key indicators of ion transport performance of 
solid-state electrolyte materials, accurate and efficient prediction of 
energy barrier can accelerate the discovery process of novel solid state 
electrolyte materials. Here, we take the prediction of NASICON-type 
solid electrolytes energy barrier as an example to present the gover
nance details of MAT-DQG, namely under the guidance of LCM, this 
project has implemented the governance of nine DQDs of NASICON 
dataset based on PM. The best model (RR with R2 of 0.961) trained on 

Table 1 
Details of seven representative datasets.

Material Types Materials (No.) Target property Acquirement 
Manner

# of 
Samples

# of 
Descriptors

Ratio Descriptor 
Type

Ref.

Nanocomposite solid 
polymer electrolyte

Nanocomposite solid 
polymer electrolyte (MD1)

Ionic Conductivity Experiment 160 5 < 0.25 1–2–4 [77, 
99]

Inorganic non-metal 
material

Zeolite (MD15) Bulk Moduli DFT calculations 121 33 0.25 ~ 
0.5

1–2–4 [81]

Cubic Li-argyrodites (MD30) Energy Barrier BVSE-based 
calculations

51 32 0.5 ~ 1 1–2–3–4 [100]

Metal material Ni-based SX superalloys 
(MD8)

Lattice Misfit Literature 136 16 < 0.25 1–3–4 [101]

High-entropy alloys (MD33) Solid solution 
strengthening

Experiments 162 59 0.25 ~ 
0.5

1–2–4 [102]

Ionic liquid binary 
mixtures

Ionic liquid binary mixtures 
(MD18)

Density Literature 405 3 < 0.25 2–3–4 [103]

Inorganic non-metal 
material

NASICON-type solid-state 
electrolyte (MD29)

Activation energy Experiment 85 45 0.5 ~ 1 1–2–3–4 [77, 
99]

* “#” represents number. “Ratio” means the ratio of samples and descriptors. Descriptor Type: (1-Structure; 2-Properties; 3-Process; 4-Performance). “SX” means single 
crystal.

Table 2 
The setup of BOA for ML models.

Model Hyperparameters Optimization Range

RR α (0.01, 10)
LASSO α (0.0005, 1.0)
SVR γ (10− 5, 1)

C (10− 4, 500)
KNN Number of neighborhoods (2, 30)

p (1, 8)
GPR γ (10− 4, 1)

C (10− 5, 105)
RF Number of estimators (10, 300)

Minimum samples split (2, 15)
Maximum features (0.01, 0.999)
Maximum depth (3, 20)
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the revised data has 49 % higher predictive performance than the best 
model (RF with R2 of 0.643) based on the raw data. Details and results of 
each process for quality governance are recorded as derived meta-data. 
It is worth noting that NASICON dataset is free of inconsistency, 
imbalance, or time-sensitivity issues, indicating that not each dataset in 
practice will have issues in every quality dimension. Nevertheless, re
searchers should still be aware of the nine quality dimensions and pro
vide evidence for the issue-free ones. The quality of NASICON materials 
data is assessed and / or improved from all nine dimensions according to 
the corresponding processing model, of which details are as follows.

5.7. Traceability Assurance and Completeness Check

Under the guidance of materials domain knowledge relevant to 
migration energy barriers, we construct a raw dataset for ML modeling 
consists of 45 descriptors and 90 energy barrier data with no missing 
values, which are based on Crystallographic Information Files (CIFs) of 
90 NASICON compounds under R3c symmetry with general formula 
NaxM2(XO4)3 (M = Zr4+, Sc3+,Ti4+, ⋯; X, P5+, Si4+, Ge4+,

Mo6+, ⋯) from the Inorganic Crystal Structure Database (ICSD). It is 
worth noting that experimental measurement of the energy barrier is 
costly and time-consuming, which limits its application in screening 
superionic conductors with excellent ion transport property [98]. 
Hence, the energy barrier of 90 NASICON compounds is calculated by 
the Bond Valence Site Energy (BVSE) method, as implemented in the 
SPSE platform. The information about raw dataset generation is 

provided in Table S2 and Table S3.

5.8. Time-sensitivity Capture

To the best of our knowledge, there is no evidence that NASICON 
compounds have significantly different characteristics over the covered 
period, making it reasonable to exclude time factors from subsequent 
data analysis.

5.9. Consistency Detection

In the raw dataset, all component- and structure-based descriptors as 
well as the barrier energy for all compounds are calculated using iden
tical calculation procedures and parameters, and the experimental 
temperature is taken from CIFs. Ideally, all external variables in struc
ture measurement experiments should be considered. As far as we know, 
the influences of variables other than the main ones are not recorded or 
published by any experimentalist. Furthermore, it is almost impossible 
to control all of them to be the same, especially given the existence of 
uncontrollable factors, such as measurement device precision. There
fore, we believe that the raw dataset has acceptable consistency, similar 
to other related work based on computational or experimental data.

5.10. Accuracy Improvement

Correctness of CIFs is a fundamental factor affecting data accuracy, 

Fig. 6. Overview of MAT-DQG for governing 60 materials datasets. a, MD1~MD20; b, MD21~MD40; c, MD41~MD60. The red rectangle indicates that the dataset 
contains anomalies in this dimension. The green rectangle signifies that the dataset is free from anomalies in this dimension. The gray rectangle denotes that the 
dataset is not included in the evaluation for this dimension. The arrow symbolizes an enhancement in the dataset’s insights following the application of MAT-DQG.
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so it is evaluated firstly. According to the materials knowledge that 
lattice parameters in crystalline compounds should not remain the same 
with varying temperatures, three abnormal samples are identified. As 

shown in Table 5, their structures are measured at different tempera
tures (25℃, 300℃, and 620℃, respectively), but the lattice parameters 
“a” and “c” in CIFs are reported to be the same (9.186 and 22.181 Å, 

Fig. 7. The insight of 60 datasets before and after data quality governance via MAT-DQG (average R2 of the best ML models with 10 cross-validation). a, 
MD1~MD20; b, MD21~MD40; c, MD41~MD60.

Table 3 
The results of data quality governance for different datasets.

Dataset 
Dimensions

MD1 MD8 MD15 MD18 MD29 MD30 MD33

Traceability √ √ √ √ √ √ √
Completeness √ √ √ √ √ √ √
Time- 

sensitivity
- √ - - - - -

Consistency √ √ √ √ √ √ √
Accuracy √ Deleting 4 samples Deleting 3 samples √ Deleting 5 samples Modifying 2 points, 

deleting 1 sample
√

Redundancy - - Deleting 23 redundant 
features

- Deleting 26 redundant 
features

- Deleting 35 redundant 
features

Balance - - - - - - -
Normalization √ √ √ √ √ √ √
Insight High 

quality
Model performance 
improved

Model performance 
improved

High 
quality

Model performance 
improved

Model performance 
improved

Model performance 
improved

* “-” represents this dataset fails to meet the definition of this dimension. “√” represents this dataset has been analyzed through data quality governance and there is no 
issue in this dimension.
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respectively). Therefore, the values of ‘a’, c’, and other structure-based 
descriptors are modified by comparing structural information in CIFs 
and source literature.

Box plot is used to detect outliers for each descriptor and barrier 
energy. As shown in Fig. 8a, there are 17 descriptors and one target 
property (barrier energy) with outlier-values (green dots outside the 
box). Only a few outlier-values are truly abnormal according to mate
rials domain knowledge, while others are anomalies due to the small size 
but high diversity of the raw dataset. For example, on Na sites, Na (1) 
sites are mostly occupied with lowest energy, and Na(3) sites with high 
energy do not tend to be occupied during the migration process in most 
of NASICON compounds [113]. Unsurprisingly, in the collected com
pounds from ICSD database, only 1.12 % of samples have zero occu
pancy on Na (1) sites and 23.6 % of samples have non-zero occupancy 
on Na(3) sites. As a result, smaller values on Occu_Na(1) and larger 
values on Occu_Na(3) are identified as outlier-values through box plot in 
Fig. 8b and Fig. 8c. Outlier values on Occu_Na(3) affect the outlier 
detection on Entropy_Na(3) in Fig. 8d, because Entropy_Na(3) is 

calculated according to Occu_Na(3). Therefore, these values are normal 
because they are known to behave as expected, and others are explained 
in SI.

As shown in Table 6, there are five outliers in terms of the energy 
barrier. We find that these outlier values corresponded to the com
pounds with species mixing on Na sites (Cs+ and K+). These compounds 
violate the predefined general chemical formula. Furthermore, accord
ing to the materials domain knowledge that Cs+ and K+ are identified 
as skeleton ions by BVSE procedure, so their calculated values of energy 
barrier greatly deviate. As a result, these samples are removed from the 
raw dataset.

Finally, Local Outlier Factor (LOF) and Isolation Forest (IF) are used 
to detect outlier-samples in 46-dimensional space. LOF is a density- 
based method, which identifies outlier samples whose density is 
significantly different from that of surrounding samples and is suitable 
for detecting local outlier samples. IF is a partition-based method, 
detecting outliers based on how far a data point is from the rest of the 
sample, and detects global outliers. Herein, to avoid false detection, IF is 

Table 4 
The average R2 of the best ML models with 10 cross-validation on different datasets during data quality governance.

Dataset MD1 MD8 MD15

Metrics 
Models

R2
RAW R2

ACC R2
REDUN R2

RAW R2
ACC R2

REDUN R2
RAW R2

ACC R2
REDUN

MLR 0.551 √ √ 0.836 0.836 √ 0.510 0.558 0.639
RR 0.547 0.799 0.814 0.401 0.662 0.699
LASSO 0.976 0.839 0.838 \ 0.308 0.595
SVR 0.546 0.915 0.915 0.547 0.551 0.621
KNN 0.977 0.786 0.871 0.308 0.474 0.685
GPR 0.952 0.895 0.892 0.631 0.660 0.673
RF 0.967 0.896 0.922 0.602 0.655 0.644
Avg 0.788 0.852 0.870 0.500 0.552 0.651

Dataset MD18 MD29 MD30

Metrics 
Models

R2
RAW R2

ACC R2
REDUN R2

RAW R2
ACC R2

REDUN R2
RAW R2

ACC R2
REDUN

MLR 0.865 √ √ \ \ \ \ \
RR 0.816 0.313 0.960 0.961 0.873 0.851 0.857
LASSO 0.864 0.118 0.951 0.938 0.845 0.824 0.873
SVR 0.864 0.108 0.925 0.960 \ \
KNN 0.931 0.108 0.913 0.955 0.872 0.841 0.979
GPR 0.938 0.073 0.959 0.948 0.876 0.876 0.893
RF 0.999 0.643 0.966 0.956 0.932 0.957 0.979
Avg 0.897 0.227 0.946 0.952 0.880 0.870 0.916

Dataset MD33

Metrics 
Models

R2
RAW R2

ACC R2
REDUN

MLR 0.775 √ 0.856
RR 0.888 0.867
LASSO 0.816 0.864
SVR 0.849 0.881
KNN 0.844 0.882
GPR 0.861 0.868
RF 0.896 0.893
Avg 0.847 0.873

“\” represents this model gains very poor prediction performance. “√” represents this dataset has been analyzed through data quality governance and there is no issue 
in this dimension. R2

Raw represents the coefficient of determination (R2) of raw datasets. R2
ACC represents the coefficient of determination (R2) of datasets after accuracy 

governance. R2
REDUN represents the coefficient of determination (R2) of datasets after redundancy governance. “Avg” means the average of R2 of all ML models. The bold 

font means the improvement of ML models after governance of this dimension.

Table 5 
Outlier-values and its revised values.

ICSD Number Formula Temperature a c Revised a Revised c

15545 Na24Zr12Si18O72 25℃ 9.186 22.181 9.198 [112] 22.210 [112]
15546 Na24Zr12Si18O72 300℃ 9.186 22.181 9.199 [112] 22.470 [112]
15547 Na24Zr12Si18O72 620℃ 9.186 22.181 9.199 [112] 22.706 [112]
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executed randomly 10 times, and the occurrence of each sample as 
outlier-samples are counted, then the top 10 most frequent samples are 
regarded as final outlier-samples. In total, there are 14 outlier samples, 
but no errors found by examining literature sources. This is likely due to 
the small size of data with high diversity. The final dataset with 85 
samples for ML is determined to be free of inaccuracy issues.

5.11. Redundancy Elimination

Herein, a feature selection embedded with materials domain 
knowledge, named Non-Co-Occurrence Rules Feature Selection (NCOR- 
FS), is employed to accurately detect redundant features. Firstly, data- 
driven correlation analysis techniques and descriptor associations in 
material domain knowledge are used to obtain the non-co-occurrence 
relationship between descriptors and symbolize them as NCOR. Then, 
the non-co-occurrence rule violation calculation function of any 
descriptor set is established, and the prediction error evaluation function 
of the machine learning model is combined as the objective function of 
the feature selection method based on the optimization algorithm to 

evaluate the suitability of the descriptor subset. Considering the un
certainty of the impact of NCOR on the prediction performance of ma
chine learning models, a two-stage evolutionary process is employed to 
optimize the process of feature selection methods. As a result, 26 
redundant features are deleted. Table 7 illustrates the average R2 (with 
standard deviation) of the various ML models on 10-fold cross validation 
before and after redundancy elimination, respectively. Besides MLR, the 
prediction performances of all ML models are improved to different 
extents. This confirms that despite the flexibility in ML algorithms, 
careful maintenance of data is still necessary. The analysis of screening 
thresholds is shown in Figure S21.

“\” represents this model gains very poor prediction performance.

5.12. Imbalance Discovery

K-Means is employed to divide 85 samples into K(K = 8,6, 4,2)

Fig. 8. Box plot for all descriptors and target property. The horizontal axis shows the number of descriptors (in Table S3), and the final feature represents target 
property, i.e., energy barrier. Vertical axis shows normalized values through zero-centered normalization. “+ ” and long “-” in the box represent mean and median, 
respectively. Short “-” outside the box indicate the lower or upper limits of normal. Green dots outside the box indicate outlier-values; b, c, and d are outlier-values 
distributions in Occu_Na(1), Occu_Na(3), and Entropy_Na(3), respectively. “Circles” and “Squares” represent non-outlier-values and outlier-values, respectively.

Table 6 
The outlier-values on the energy barrier.

ICSD Number Formula Energy Barrier (eV)

167728 Cs0.6Na5.4Zr12P18O72 4.0137
167729 Cs1.2Na4.8Zr12P18O72 3.8867
167730 Cs2.4Na3.6Zr12P18O72 3.9453
174461 K3Na3Hf12P18O72 4.2676
250394 K3Na3Ti12P18O72 2.8223

Table 7 
Performance of ML models before and after redundancy elimination (mean ±
standard-deviation).

Model R2 before 
redundancy elimination

R2 after 
redundancy elimination

MLR \ \
RR 0.959 ± 0.002 0.960 ± 0.002
SVR 0.915 ± 0.003 0.933 ± 0.001
GPR 0.959 ± 0.002 0.960 ± 0.002
LASSO 0.954 ± 0.007 0.955 ± 0.005
KNN 0.895 ± 0.011 0.948 ± 0.003
RF 0.955 ± 0.004 0.956 ± 0.004
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classes based on all data, complete descriptors data, and energy barrier, 
respectively. Two-dimensional t-distribution stochastic neighbor 
embedding visualizations of class distribution are displayed in 
Figure S22. The sample numbers of all classes are approximately the 
same, validating the balance of the dataset.

5.13. Data Normalization and Insight Exploration

To assess the impact of outlier values on ML model performance, four 
types of datasets are used to train ML models: raw dataset; the dataset in 
which three samples in Table 5 are revised but five samples in Table 6
are not removed (semi-revised data1); the dataset in which five samples 
in Table 6 are removed but three samples in Table 5 are not revised 
(semi-revised data2); and completely revised data. MLR shows very poor 
performance on all the datasets, therefore its performance is omitted. R2 

of the other 6 models on test sets from four datasets are shown in Fig. 9. 
R2 of six models based on revised data, semi-revised data1, and semi- 
revised data2 is always higher than that of models based on raw data
set. It reflects that the predictive ability of models can be improved by 
revising three samples in Table 5 and/or removing five samples in 
Table 6. And R2 of the six models based on semi-revised data2 is always 
higher than that of models based on semi-revised data1. This indicates 
that five outlier-values in Table 6 have a greater impact on the predictive 
performance of ML models than three outlier-values in Table 5. One 
possible explanation is that the original values in Table 4 are already 
close to the corresponding revised values, while the removed outliers in 
Table 6 share a large difference with other values. This also makes R2 of 
models based on semi-revised data2 and revised data comparable. In 
addition, the model can be “right for the wrong reasons” when the true 
signal is correlated with a false one in the data. Therefore, the R2 values 
of some models based on semi-revised data2 are higher than those of the 
models based on revised data. As can be seen from Fig. 9, based on the 
revised data, the RR and GPR model achieved the highest R2 of 0.959, 
and it reflects that the revised dataset is learnable.

5.14. Traceability assurance of data processing

A panorama of the finished ML project is shown in Fig. 10. Following 
the proposed lifecycle of data quality governance LC-QG, this project has 
implemented the governance of the nine DQDs of NASICON data as the 
lifecycle of materials data LC-MD goes on. Details and results of each 
process for quality governance were recorded as derived meta-data, and 
presented in the body of manuscript, supplemental information, and 
experimental codes.

6. Discussion and conclusion

Given the critical role of data quality in the entire process of mate
rials property prediction (from data collection to model application), we 
believe data quality should be evaluated and treated effectively at all ML 
modelling stages. To this end, a rigorous execution sequence of DQD is 
established (i.e., LCM), to guarantee reliability, traceability, and cor
rectness of information in materials data. Subsequently, the imple
mentation of PM provides methodological support for LCM. Following 
this, we then evaluate 60 structured materials datasets in a case study, 
detecting issues through sequential analysis. Although all datasets are 
nominally AI-ready, 17 exhibit data quality issues, focusing primarily on 
issues of accuracy and redundancy. After governance, the revised 
datasets show an average 5.6 % improvement in insights. Notably, 
MD29 (a self-constructed dataset developed from scratch), achieves 
about 30 % insight improvement. Another interesting result is that data 
accuracy and redundancy play a key role in improving the ML model 
prediction accuracy, which is induced by the direct modification of data 
values and features. However, these modifications cannot always play a 
role for improving the prediction performance of ML models, e.g., MD15 
and MD33, because the modified data distribution may be unsuitable for 
the fitting mechanisms of such ML models. Note that the insights of 
those datasets with the identical descriptor combination but different 
properties possess significant variations, as shown in Fig. 11, whose 
optimal ML models (Table S7) and corresponding performance exhibit 
fluctuations. This is because ML models establish relationships—either 
implicitly or explicitly—between descriptor combinations and target 
properties. Consequently, changes in the input of information (i.e., 
features) or the task objective (i.e., target property) can alter data 
characteristics, such as its distribution, and potentially affect the latent 
structure-activity relationships. Hence, governing data quality marks 
the outset of the ML pipeline, determining the ceiling for model per
formance. However, a model’s analytical capability ultimately hinges on 
both its learning algorithm and the underlying assumptions about data 
distribution. Domain knowledge can play a key role in guiding the entire 
ML learning process [33]. Importantly, in traditional ML workflows, 
domain knowledge is often primarily applied during data preprocessing 
and feature engineering, becoming deeply integrated within the 
learning process itself. As a result, at the moment it cannot be employed 
as an independent module or through separated representations and 
further work on formalizing integration of the domain knowledge into 
ML modeling is required.

Critically, the MAT-DQG framework is adaptable to any data format. 
Unlike structured data, unstructured data governance fundamentally 
shifts focus from descriptor selection and value correction (structured 

Fig. 9. R2 of six models on test sets from the raw dataset, semi-revised data1, and semi-revised data2, and revised data (mean ± standard-deviation).

Y. Liu et al.                                                                                                                                                                                                                                      Materials Science & Engineering R 166 (2025) 101050 

16 



data) toward representation patterns that control the quantity of valu
able information [114]. To illustrate this, we use crystal representation 
as an example, highlighting that the choice of representation directly 
impacts both its accuracy and redundancy. Consequently, representa
tion selection should be informed by the target ML models. For instance, 
while image-based representation captures only partial crystal infor
mation, it allows access to a wide range of image-oriented deep learning 
models, such as CNNs and their variants [115], as well as ViTs and their 
variants [116]. Conversely, graph-based representation—a mainstream 
approach—effectively accommodates non-Euclidean transformations. 
However, GNNs, the primary models for this representation, still suffer 
from over-smoothing and over-squashing due to inherent structural and 

learning limitations. Recently, efforts have emerged to integrate insights 
from GNNs and LLMs, aiming to leverage their complementary strengths 
to enhance both prediction accuracy and model interpretability [117, 
118]. However, this strategy establishes only a superficial linkage be
tween graph and text representations. Consequently, the integrated LLM 
embeddings fail to contextually adapt to structural patterns learned by 
GNNs. By contrast, string-based representations retain essential crystal 
information while excluding spatial relationships. Unlike graph-type 
data, this format is directly compatible with language models, circum
venting information loss from intermediate encoding steps. Moreover, 
we developed a text-data governance pipeline under MAT-DQG guid
ance to construct high-quality datasets for materials science text mining 

Fig. 10. The schematic of ML project. Cyan components represent the lifecycle of NASICON-type solid electrolyte materials data being used. Blue components stand 
for governance activities of all DQDs. Words in green and blue indicate that more detail is displayed in codes and SI.

Fig. 11. Insight of datasets with the identical descriptor combination but different target properties.
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[9]. This approach reduces the substantial overhead in building 
large-scale supervised textual datasets while enhancing prediction ac
curacy in downstream text-mining models.

In summary, under the guidance of materials domain knowledge, we 
propose a general framework which comprehensively evaluates, moni
tors, and improves the materials data quality. Applying this framework 
resulted in significant improvement of the ML model performance in the 
case study with 60 materials structured datasets, suggesting its sur
prisingly versatile nature and great potential to improve the data quality 
for highly diverse materials. With the guidance of MAT-DQG, materials 
scientists can conduct reliable, reproducible, and interpretable data 
analysis in an orderly manner, and construct high-quality learning 
samples and high-accuracy ML models. Furthermore, the processing 
schemes proposed in this paper can be easily extended to large material 
systems. Thus, this work not only paves the way towards high-quality 
data foundation for ML modeling but also pushes forward ML-assisted 
research and development of novel materials. By combining the exist
ing data analysis tools and extending the nine quality governance 
models to semi-structured and unstructured materials data, we hope to 
develop a series of automated tools to perform quality governance soon 
to effectively accelerate the research and development of novel 
materials.
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Equivariant Message Passing Neural Networks for Fast and Accurate Force Fields, 
arXiv 2206 (2022) 07697.

[93] M.A.F. Pimentel, D.A. Clifton, L. Clifton, L. Tarassenko, A review of novelty 
detection, Signal Process. 99 (2014) 215–249.

[94] M. Guin, F. Tietz, Survey of the transport properties of sodium superionic 
conductor materials for use in sodium batteries, J. Power Sources 273 (2015) 
1056–1064.

[95] H. Park, R. Mall, F.H. Alharbi, S. Sanvito, N. Tabet, H. Bensmail, F. El-Mellouhi, 
Exploring new approaches towards the formability of mixed-ion perovskites by 
DFT and machine learning, Phys. Chem. Chem. Phys. 21 (2019) 1078–1088.

[96] A. Klein, S. Falkner, S. Bartels, P. Hennig, F. Hutter, Fast Bayesian Optimization of 
Machine Learning Hyperparameters on Large Datasets. in Proc of the 20th 
International Conference on Artificial Intelligence and Statistics, PMLR, 2017.

[97] Y. Liu, S. Wang, Z. Yang, M. Avdeev, S. Shi, Auto-MatRegressor: liberating 
machine learning alchemists, Sci. Bull. 68 (2023) 1259–1270.

[98] B. He, P.H. Mi, A.J. Ye, S.T. Chi, Y. Jiao, L.W. Zhang, B.W. Pu, Z.Y. Zou, W. 
Q. Zhang, M. Avdeev, S. Adams, J.T. Zhao, S.Q. Shi, A highly efficient and 
informative method to identify ion transport networks in fast ion conductors, 
Acta Mater. 203 (2021) 116490.

[99] M.R. Johan, S. Ibrahim, Optimization of neural network for ionic conductivity of 
nanocomposite solid polymer electrolyte system (PEO-LiPF6-EC-CNT), Commun. 
Nonlinear Sci. Numer. Simul. 17 (2012) 329–340.

[100] Q. Zhao, M. Avdeev, L. Chen, S. Shi, Machine learning prediction of activation 
energy in cubic Li-argyrodites with hierarchically encoding crystal structure- 
based (HECS) descriptors, Sci. Bull. 66 (2021) 1401–1408.

[101] X. Jiang, H.Q. Yin, C. Zhang, R.J. Zhang, K.Q. Zhang, Z.H. Deng, G.Q. Liu, X. 
H. Qu, An materials informatics approach to Ni-based single crystal superalloys 
lattice misfit prediction, Comput. Mater. Sci. 143 (2018) 295–300.

[102] C. Wen, C.X. Wang, Y. Zhang, S. Antonov, D.Z. Xue, T. Lookman, Y.J. Su, 
Modeling solid solution strengthening in high entropy alloys using machine 
learning, Acta Mater. 212 (2021) 116917.

[103] A. Hemmati-Sarapardeh, M. Tashakkori, M. Hosseinzadeh, A. Mozafari, 
S. Hajirezaie, On the evaluation of density of ionic liquid binary mixtures: 
Modeling and data assessment, J. Mol. Liq. 222 (2016) 745–751.

[104] L.E. Eberly, Multiple linear regression, Methods Mol. Biol. 404 (2007) 165–187.
[105] G.C. McDonald, Ridge regression, WIREs Comput. Stat. 1 (2009) 93–100.
[106] A. Ishikawa, K. Sodeyama, Y. Igarashi, T. Nakayama, Y. Tateyama, M. Okada, 

Machine learning prediction of coordination energies for alkali group elements in 
battery electrolyte solvents, Phys. Chem. Chem. Phys. 21 (2019) 26399–26405.

[107] A.J. Smola, B. Schölkopf, A tutorial on support vector regression, Stat. Comput. 
14 (2004) 199–222.
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