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Abstract

Magnesium (Mg) alloys have attracted considerable attention as next-generation lightweight thermal conducting
materials. However, their thermal conductivity decreases significantly with increasing alloying content. Current
methods for predicting thermal conductivity of Mg alloys primarily rely on computationally intensive first-principles
calculations or semi-empirical models with limited accuracy. This study presents a novel machine learning
approach coupled with multiscale computation for predicting thermal conductivity in multi-component Mg alloys.
A comprehensive database of 1,139 thermal conductivity measurements from as-cast Mg alloys was systematically
compiled. A multiscale feature set incorporating elemental characteristics, thermodynamic properties, and
electronic structure parameters was constructed. Key features, including atomic radius differences, enthalpy,
cohesive energy, and the ratio of electronic thermal conductivity to relaxation time, were identified through
sequential forward floating selection (SFFS). The XGBoost algorithm demonstrated superior performance,
achieving a mean absolute percentage error (MAPE) of 2.16% for low-component ternary and simpler Mg alloy
systems. Through L1 and L2 regularization optimization, the model's extrapolation capability for quaternary and
higher-order novel systems was significantly enhanced, reducing the prediction error to 13.60%. This research
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provides new insights and theoretical guidance for accelerating the development of high thermal conductivity Mg
alloys.

Keywords: Magnesium alloys, thermal conductivity, machine learning, multiscale computation

INTRODUCTION

With the increasing demands for high-performance, highly integrated, and miniaturized electronic devices,
thermal management has emerged as a critical bottleneck limiting their development". While traditional
copper-based thermal conductive materials exhibit excellent thermal properties, their high density
(8.9 g/cm’) restricts their application in lightweight applications. Magnesium (Mg) alloys, as prominent
green engineering materials of the 21st century, offer numerous advantages including abundant reserves,
low density, high thermal conductivity, high electrical conductivity, and superior electromagnetic shielding
effectiveness”. Pure Mg, in particular, with its thermal conductivity of 155.3 W/(m-K), demonstrates the
highest thermal conductivity per unit mass, making it an ideal candidate for next-generation lightweight
thermal management materials"?.

However, improving the mechanical properties of Mg alloys typically requires the addition of alloying
elements to the o-Mg matrix. While this alloying process enhances mechanical properties, it often
significantly degrades thermal conductivity™ . For instance, commercial Mg alloys such as AMe0, AZ91,
AZ91D, and AZ80 exhibit room temperature thermal conductivity of only approximately 40% that of pure
Mg, failing to meet the requirements for high heat dissipation applications®'". To maximize thermal
conductivity while maintaining mechanical properties, it is crucial to establish composition-microstructure-
thermal property relationships in these alloys.

Theoretical approaches for predicting Mg alloy thermal conductivity primarily include microscale first-
principles methods and macro/mesoscale semi-empirical theoretical models"”. First-principles methods,
based on density functional theory (DFT), calculate intrinsic thermal conductivity by solving heat transport
equations while considering alloy microstructure!*'?. However, these methods are computationally
intensive and primarily applicable to compound phases or specific local structures, limiting their utility for
complex multi-component alloy systems. Macro and mesoscale approaches, such as CALculation of PHAse
Diagrams (CALPHAD) and effective medium theory (EMT), based on thermodynamic or empirical rules,
offer rapid thermal conductivity predictions but with limited accuracy and applicability.

Recent years have witnessed the emergence of data-driven machine learning approaches as novel tools for
materials property prediction. These methods can autonomously learn structure-property relationships
from vast experimental and computational datasets, facilitating rapid screening and optimization of new
materials"**¥. Machine learning enables materials screening at computational costs several orders of
magnitude lower than DFT methods??. Traditional alloy property prediction models typically use
chemical composition as input features**>*.. However, this approach neglects various factors including
element interactions, microstructure, and heat treatment effects, resulting in significant accuracy
degradation when predicting novel alloy systems.

Researchers have begun incorporating physical information from DFT and CALPHAD methods into
machine learning models to enhance generalization capability™”. In 2022, Chen et al. at the University of
California developed a machine learning model for predicting antiphase boundary energy in Ni,Al-based
alloys using crystal structure descriptors obtained from DFT calculations”. In 2020, Liu ef al. at Shanghai
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University reduced prediction errors by 2.9% in forecasting nickel-based single crystal superalloy creep
rupture life by incorporating domain knowledge descriptors such as lattice parameters, phase fractions, and
diffusion coefficients from CALPHAD calculations™. In 2021, Zou et al. at Northwestern Polytechnical
University constructed a machine learning model for discovering high-strength, high-toughness titanium
alloys by incorporating electronic property descriptors from DFT calculations and solute-matrix
interactions from CALPHAD computations””. Currently, machine learning applications in studying Mg
alloy thermal conductivity remain limited. There is an urgent need to systematically investigate the
relationships between alloying elements, thermodynamic properties, electronic structure features, and
thermal conductivity from a multiscale perspective to guide the design of high thermal conductivity Mg
alloys.

This study focuses on multi-component, multiphase Mg alloy systems, systematically collecting 1,139
thermal conductivity experimental data points and constructing a domain knowledge-based multiscale
high-dimensional feature space encompassing elemental characteristics, thermodynamic properties, and
electronic structure. Based on this framework, we developed machine learning models for predicting Mg
alloy thermal conductivity and revealed the influence mechanisms of different features through feature
selection and model interpretability analysis. Results demonstrate that by integrating cross-scale physical
features, the machine learning model accurately predicts thermal conductivity in low-component ternary
and simpler Mg alloys with a mean absolute percentage error (MAPE) of 2.16%. Furthermore, incorporating
L1 and L2 regularization effectively improves the model’s extrapolation capability for quaternary and
higher-order novel systems, maintaining MAPEs below 13.60%, providing new insights for accelerating the
development of next-generation high thermal conductivity Mg alloys.

MATERIALS AND METHODS

Dataset construction

A comprehensive dataset comprising 1,139 thermal conductivity measurements from as-cast Mg alloys was
systematically compiled, with detailed collection methodology described in Supplementary Materials. The
thermal conductivity values in the dataset span from 8.1 to 167.0 W/(m-K), covering a wide range of
commercial and experimental Mg alloys. Detailed statistical analysis of the thermal conductivity
distribution and alloying element distribution as functions of the number of components is provided in
Supplementary Figure 1A-C. The dataset encompasses 52 distinct alloy systems with 332 unique
compositions. Of these, low-component systems (encompassing pure elements, binary, and ternary alloys)
constitute 955 data points, while high-component systems (quaternary and more complex compositions)
account for 184 data points, representing 16.2% of the total dataset. The distribution of data points across
different component numbers is detailed in Supplementary Figure 1D, showing a decreasing trend in data
availability as the number of components increases.

Feature engineering

The properties of Mg alloys are intrinsically linked to the inherent characteristics of their constituent
elements. Through quantitative compositional analysis, a comprehensive set of features reflecting elemental
properties was established using both compositional averages and standard deviations. For a multi-
component alloy system with n elements, the mean value (1) and standard deviation (o) of each elemental
property were calculated as:

u:ZCl.Xi (1)
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where C, represents the atomic fraction of element i, and X, represents the corresponding elemental
property. These features encompass atomic properties, electronic structure characteristics, thermodynamic
properties, and physical parameters™, totaling 45 distinct descriptors as detailed in Supplementary Table 1.

Beyond elemental characteristics, thermodynamic parameters derived from computational methods serve as
mesoscale features for predicting alloy performance. Phase diagram characteristics, enthalpy, entropy, and
Gibbs free energy (G) significantly influence the microstructural evolution and macroscopic properties of
alloys. Using the CALPHAD approach combined with the Scheil-Gulliver model®”, detailed
thermodynamic information for as-cast Mg alloys was obtained. These thermodynamic calculations were
conducted using Pandat software with the PanMg database, a specialized commercial database developed
for multi-component Mg alloy systems"*”. The resulting mesoscale features, documented in Supplementary
Table 2, establish quantitative composition-structure-property relationships. The calculated phase fractions
and phase types were subsequently utilized in DFT modeling to investigate fundamental physical properties,
including electronic structures of individual phases.

For metallic systems, DFT self-consistent calculations provide ground-state electron density distributions,
enabling the determination of electronic band structures and density of states. By combining DFT-
calculated electronic band structures with the Boltzmann transport equation, quantitative predictions of
electronic transport properties were obtained. Electronic structure calculations were performed using the
Vienna Ab-initio Simulation Package (VASP) with Perdew-Burke-Ernzerhof (PBE) functional and
Projector-Augmented Wave (PAW) pseudopotentials. The Brillouin zone was sampled using an equivalent
20 x 20 x 20 Monkhorst-Pack k-point mesh, with a plane-wave cutoff energy of 400 eV. The energy
convergence criterion was set to 10” eV and force convergence criterion was 0.01 eV/A"*. The electronic
transport properties were calculated using the BoltzTraP2 package"”, yielding the ratio of electronic thermal
conductivity/electrical conductivity to relaxation time for various Mg alloy compositions. While absolute
values of electronic thermal conductivity require consideration of phonon scattering and defect interactions,
precise calculations of these scattering processes demand substantial computational resources (typically >
10,000 CPU cores). Therefore, this study employs the ratio of electronic thermal conductivity/electrical
conductivity to relaxation time (x./r and o/7) as a machine learning input feature, providing reliable first-
principles physical information at reasonable computational cost. The resulting microscale features are
documented in Supplementary Table 3. All calculations were performed on a high-performance computing
cluster, with detailed computational resource requirements provided in Supplementary Materials.

To unify the diverse scales of different physical properties, all features were standardized using the
StandardScaler method:

X'=(X-up)fo (3)

where X represents the original feature values, 4 is the mean, and o is the standard deviation of each feature.
The scaling parameters were calculated using only the training data to prevent data leakage, and these same
parameters were then applied to transform the test set features. To identify the optimal feature subset for
thermal conductivity prediction, the sequential forward floating selection (SFFS) algorithm®* was employed
with random forest as the evaluator®*. Starting with an empty feature set, SFES iteratively adds features
that maximize model performance. After each forward step, it performs backward steps to remove features
whose exclusion might improve performance. This process continues until the selected feature subset
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achieves optimal predictive capability.

Machine learning framework

Machine learning is a data-driven modeling approach that enables predictions and decision-making by
learning latent patterns from large datasets. To comprehensively explore the complex non-linear
relationships inherent in Mg alloy thermal conductivity data, this study employs a diverse range of machine
learning algorithms. These include linear models (linear regression, ridge regression, LASSO regression, and
elastic net), tree-based methods (decision trees, random forest, gradient boosting trees, CatBoost,
LightGBM, and XGBoost), kernel methods [support vector regression (SVR)], nearest neighbor methods
[K-nearest neighbors (KNNs)], probabilistic models (Bayesian ridge regression), and artificial neural
networks (ANNs) from deep learning. Table 1 summarizes the complete names and abbreviations of all
algorithms.

To enhance the predictive performance of these machine learning models, an automated hyperparameter
optimization strategy based on Bayesian optimization with 10-fold cross-validation was implemented
during the training process. MAPE was chosen as the scoring metric for model evaluation due to its
effectiveness in capturing relative prediction errors across different thermal conductivity scales*. To
evaluate model performance and ensure robust predictive capability, the dataset was strategically
partitioned based on alloy composition complexity. The 955 data points from low-component systems
(pure elements, binary, and ternary alloys) were designated as the training set, while the remaining 184 data
points from high-component systems (quaternary and higher-order alloys, comprising 16.2% of the total
dataset) served as the test set. This structured split was specifically designed to simulate real-world scenarios
where data from simpler systems is used to predict properties of newly developed complex alloys. The
proportion of high-component test data (16.2%) approximates the conventional 80-20 split commonly
employed in machine learning studies, providing sufficient data for reliable model evaluation while
maintaining a robust training set. Analysis of the compositional space coverage revealed that both thermal
conductivity values and alloying element concentrations in the high-component test set fall within the
ranges established by the low-component training set, as shown in Supplementary Figure 1, ensuring
representative sampling across the full composition space.

To enhance model generalization capability and prevent overfitting, both L1 and L2 regularization terms
were incorporated into the machine learning model training. The L1 regularization (LASSO) and L2
regularization (ridge) terms were explored within a range from 1E-3 to 1E4. The optimal regularization
parameters were determined through grid search with cross-validation to balance model complexity and
predictive performance.

RESULTS AND DISCUSSION

Multiscale feature analysis

Mesoscale features based on CALPHAD calculations

To investigate the correlation between thermodynamic parameters and thermal conductivity in Mg alloys,
this study calculated various thermodynamic parameters at testing temperatures (T) using the Scheil-
Gulliver non-equilibrium solidification model, as illustrated in Figure 1A-F. The results demonstrate that
enthalpy and G exhibit monotonic variations with temperature, while compositional changes within the
same alloy system have relatively limited effects on these parameters. For instance, when the Al content
increases from 0.5 at.% to 1.7 at.%, the variations in alloy enthalpy (H) and G remain below 1.0%. This
limited variation primarily results from the consistent phase constitution [hexagonal close-packed (HCP) +
Mg ,Al,,] during non-equilibrium solidification within this composition range.
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Table 1. Machine learning algorithms and their abbreviations used in this study

Algorithm Abbreviation Algorithm Abbreviation
Linear regression LR XGBoost XGB

Ridge regression RR LightGBM LGBM

LASSO regression LASSO CatBoost CB

Elastic net EN Bayesian linear regression BLR

Decision tree DT Bayesian ridge regression BRR

Random forest RF Gaussian process regression GPR

Gradient boosting machine GBM K-nearest neighbors KNN

Support vector regression SVR Artificial neural network ANN

Unlike enthalpy, entropy shows relatively low sensitivity to changes in alloy composition. As shown in
Figure 1D, the distributions of Mg-Al and Mg-Zn alloys in the temperature-entropy-thermal conductivity
space nearly overlap completely. This suggests that entropy cannot effectively differentiate the impacts of
different alloying elements and their concentration on material properties within the studied systems.
Considering the fundamental thermodynamic equation G = H - TS, the influence of alloying elements on G
primarily stems from enthalpic contributions, resulting in similar correlations with thermal conductivity as
observed for enthalpy.

To gain deeper insights into the influence of alloy composition on microstructural evolution, we
systematically calculated the phase constitution and molar fractions across the complete dataset. Taking
Mg-Al and Mg-Zn binary systems as representative examples, Figure 2A shows that for Mg-Al alloys, the
microstructure consists of HCP-Mg matrix and Mg, Al , intermetallic compound when the Al content is
below 14.2 at.%. As Al content increases, the molar fraction of the Mg, Al,, phase increases non-linearly,
reaching 22.0% at 14.2 at.% Al The increased Mg,,Al,, phase fraction leads to enhanced interfacial thermal
resistance and lattice distortion at phase boundaries, impeding heat transfer across interfaces. Consequently,
the thermal conductivity decreases from 131.2 to 41.0 W/(m-K), as shown in Figure 2B. Similarly, Mg-Zn
alloys primarily consist of HCP-Mg matrix and Mg.Zn, intermetallic compound, with phase fractions
varying linearly with alloying element content within the studied composition range (0.2-9.4 at.% Zn).

In conclusion, thermodynamic properties serve as crucial mesoscale features for constructing predictive
models of thermal properties in Mg alloys. The significant correlation between enthalpy and thermal
conductivity reflects the regulatory effects of composition and temperature on alloy microstructure and
interatomic interactions. Furthermore, thermodynamic properties reveal important information about
thermal stability, phase transformation behavior, and phase constitution, establishing intrinsic connections
between composition, structure, and properties.

Microscale features based on DFT calculations

DFT calculations were employed to systematically investigate the crystal and electronic structures of all Mg
alloy phases in the dataset. To validate the computational reliability, lattice constants of pure HCP-Mg,
FCC-AlL and HCP-Zn were compared with experimental and computational values from literature, as
shown in Supplementary Table 4. All calculated values deviated less than 5% from literature data,
confirming the reliability of our computational methodology and parameters.

Electronic density of states distributions was obtained through non-self-consistent calculations of band
structures and density of states. The thermal conductivity properties could be qualitatively predicted by
analyzing electronic structure features near the Fermi level. Figure 3 illustrates the crystal structures and
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Figure 1. Relationships between thermodynamic properties, thermal conductivity, and temperature in Mg alloys. (A and B) Enthalpy; (C
and D) Entropy; (E and F) Gibbs free energy. Left panels (A, C, E) show the complete dataset, while right panels (B, D, F) present typical
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electronic density of states for two representative phases (HCP-Mg and Mg, Al ,). For the HCP-Mg phase,
electronic states near the Fermi level primarily originate from Mg 3s and 3p orbitals, with a density of states
reaching 0.43 states/(eV-atom), indicating good metallic characteristics. Upon alloying with elements such
as Al, significant changes occur in the crystal structure. Taking the Mg, Al,, intermetallic compound as an
example, the interaction between Al 3s/3p and Mg 3s/3p orbitals leads to valence band broadening and a
reduction in density of states near the Fermi level by 0.10 states/(eV-atom), exhibiting typical intermetallic
electronic features that result in decreased thermal conductivity.

Following electronic structure analysis, thermal and electrical transport properties were calculated using the
Boltzmann transport equation with relaxation time approximation. To validate the methodology, electronic
thermal conductivity and electrical conductivity were calculated for pure Mg, Al, and Zn systems and
compared with theoretical literature values, as summarized in Supplementary Tables 5 and 6. The calculated
electronic thermal conductivities for Mg, Al, and Zn show excellent agreement with literature values'*
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across the temperature range of 300-700 K, with average deviations remaining within 1.9%.

Figure 4 presents calculated «/r and o/t values for 36 Mg alloy phases in the dataset. These transport
parameters vary by more than two orders of magnitude across different phases, demonstrating high
sensitivity of thermal/electrical properties to chemical composition and microstructure. HCP-Mg phase
exhibits the highest «./r and o/7, consistent with superior electrical and thermal conductivity of pure Mg in
practical applications. With increased alloying, «./r and o/r gradually decrease due to enhanced lattice
distortion and electron scattering. Moreover, «./t and o/t show highly consistent variation patterns, with
linear fitting yielding a Lorenz number of 2.41 x 10® W-Q/K?, validating the Wiedemann-Franz law in Mg
alloy systems.

In conclusion, the calculated microscale parameters, including lattice constants, electronic density of states
distribution, and Fermi level position, serve as crucial microscale features for constructing predictive
models of Mg alloy properties. The relaxation-time-independent parameters «./r and o/t quantitatively
characterize the intrinsic electrical and thermal conduction capabilities of different phases.

Optimal feature subset selection

To develop a high-performance machine learning model for predicting thermal conductivity in Mg alloys,
we employed the SFFS algorithm for feature selection. Random Forest was chosen as the evaluator during
feature selection, with MAPE as the performance metric. The selection process was conducted on three
distinct feature datasets to systematically evaluate the importance and complementarity of features across
different scales and physical mechanisms: (1) features containing only elemental properties; (2) features
combining elemental properties and CALPHAD calculations (including the thermodynamic properties
analyzed in Figures 1 and 2); and (3) a complete feature set further incorporating DFT calculations
(including the electronic structure parameters examined in Figures 3 and 4).

As shown in Figure 5A and B, the selection results across the three feature datasets reveal that in the
elemental properties subset (four features), the importance ranking is: atomic radius difference (y,), T, mean
cohesive energy (EC), and standard deviation of valence electron concentration (V). After incorporating
thermodynamic features, the optimal subset (six features) includes additional thermodynamic parameters
reflecting phase equilibrium and stability, ranked by importance as: y,, H, EC, mean atomic mass (W), G,
and mean shear modulus (SM). With the further addition of first-principles features, the optimal subset (six
features) incorporates parameters reflecting atomic-scale structure and electronic properties, ranked as: y,,
H, EC, W, ratio of electronic thermal conductivity to relaxation time (x./z), and SM. Notably, the addition of
thermodynamic features resulted in H replacing testing T, confirming our findings from Section “Mesoscale
features based on CALPHAD calculations” that H encompasses both temperature and elemental
information. When first-principles features were introduced, «/z replaced G, as G is composed of H and S,
and H was already included as a thermodynamic feature, making «/r more informationally rich.

To further analyze the correlation between selected features, Spearman correlation analysis was performed
on the feature subsets. As shown in Figure 5C-E, correlation coefficients between features within all three
subsets remain below 0.8, indicating low correlation and minimal redundancy. This result validates the
effectiveness of the SFFS algorithm in feature selection, demonstrating that the selected feature subsets
possess good complementarity and information richness, providing high-quality inputs for subsequent
machine learning modeling.
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Figure 4. The ratios of electronic thermal conductivity to relaxation time (x./7) and electrical conductivity to relaxation time (a/7) for
Mg alloy phases in the dataset.

Machine learning-based thermal conductivity prediction

Comparison of model prediction performance

Following optimal feature subset selection, various machine learning algorithms were employed to
construct thermal conductivity prediction models for low-component Mg alloys, with model performance
evaluated through 10-fold cross-validation to obtain a model with strong generalization ability and high
prediction accuracy. Figure 6 presents the MAPE and root mean square error (RMSE) results for each
model with optimized hyperparameters. XGBoost consistently outperformed other models across all three
feature subsets, achieving MAPE values below 2.50%, demonstrating its effectiveness in handling non-linear
relationships in thermal conductivity prediction.

The machine learning models exhibited distinct performance stratification in terms of MAPE, roughly
dividing into three categories. Linear models, represented by LR, LASSO and EN, typically showed MAPE
values between 20%-30%, indicating their limitation in capturing non-linear relationships. Tree-based
models, including DT, RF, and XGB, achieved significantly lower MAPE values in the 2%-5% range,
consistently outperforming other model types. The third category, including SVR, KNN, and ANN, showed
intermediate performance with MAPE values between 5%-20%. While these models consider non-linear
factors, their prediction performance and stability were inferior to tree-based models.
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For low-component systems, expanding the feature subset showed limited performance improvement in
cross-validation. When the feature subset was expanded from elemental properties to include CALPHAD
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and DFT calculations, XGBoost achieved a MAPE of 2.32% with elemental properties alone, improving only
marginally to 2.27% and 2.16% with thermodynamic and first-principles features, respectively. Although
basic elemental descriptors adequately characterize the thermal conductivity behavior in binary and ternary
systems, multiscale features reduce model over-reliance on specific key descriptors and result in more
consistent performance across different data subsets. The standard deviation of RMSE for XGBoost
decreased from 1.17 to 0.86 W/(m-K) and 0.90 W/(m-K) with the expanded feature sets, indicating that
additional physical features provide complementary information about material thermal conductivity. This
is particularly important for high-component systems, where complex interactions among multiple alloying
elements necessitate additional features to capture the underlying physical mechanisms affecting thermal
conductivity.

Model interpretability analysis

To further analyze error sources and interpret the machine learning model, we focused on the XGBoost
model, which demonstrated the highest prediction accuracy. Figure 7A-C shows scatter plots comparing
predicted values against experimental thermal conductivity across three feature subsets. Across all thermal
conductivity ranges, over 80% of the data points showed prediction errors below 10%; notably, in the
medium thermal conductivity range [100.0-150.0 W/(m-K)], over 95% of predictions had errors below 10%.
The balanced distribution of positive (overestimation) and negative (underestimation) deviations suggests
that prediction errors are primarily dominated by random noise rather than systematic bias, confirming the
robustness of XGBoost against outliers and noise in practical thermal conductivity prediction tasks.

The internal mechanisms of the XGBoost model were revealed through Shapley Additive Explanations
(SHAP) analysis. Figure 7D-F presents the mean absolute SHAP values through bar plots, quantitatively
demonstrating the importance of each feature. The EC exhibited more than twice the mean absolute SHAP
values compared to other features, highlighting its dominant influence on model outputs. Additionally, y,
and W demonstrated significant mean absolute SHAP values, suggesting their substantial impact on thermal
conductivity predictions. Figure 7G-I utilizes SHAP beeswarm plots to visualize the direction of feature
effects through color coding. EC exhibits a clear negative correlation with Mg alloy thermal conductivity - as
EC increases (indicated by warmer colors), the horizontal position (SHAP value) shifts leftward, indicating
decreasing predicted thermal conductivity. Furthermore, V,, W, SM, and alloy G all demonstrate negative
correlations with Mg alloy thermal conductivity.

Through detailed error analysis and interpretability study of the XGBoost model, we have thoroughly
investigated the performance characteristics and internal mechanisms of the thermal conductivity
prediction model for low-component Mg alloys. Results demonstrate that the XGBoost model exhibits
excellent prediction performance and stability across all thermal conductivity ranges, with EC emerging as
one of the most crucial factors affecting Mg alloy thermal conductivity. Moreover, y, W, and T were
confirmed as significant features influencing thermal conductivity prediction. Based on these SHAP analysis
results, key guidelines for designing high thermal conductivity Mg alloys can be derived. For example, the
strong negative correlation between EC and thermal conductivity suggests that alloying elements resulting
in lower system cohesive energy should be prioritized. These quantitative relationships provide practical
guidance for the rational design of new high thermal conductivity Mg alloys.

Model extrapolation optimization

A key limitation of machine learning models is their restricted extrapolation capability, particularly in
predicting properties of new compositions or service conditions beyond the training data range. To evaluate
the extrapolation capabilities of machine learning models in predicting thermal conductivity of high-
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component Mg alloys, we trained the XGBoost model on a complete low-component dataset (pure
elements, binary, and ternary systems) and tested it on quaternary and higher-order Mg alloy datasets. This
evaluation approach simulates real applications where known low-component alloy data is used to predict
properties of newly developed high-component alloys.

As shown in Figure 8, while the XGBoost model achieved R® values above 0.99 on all train sets, it performed
poorly on test sets with R* values below 0.50, suggesting potential overfitting issues. However, despite the
low R® values, incorporating CALPHAD features effectively reduces the MAPE from 17.21% to 14.38%
compared to models using only elemental properties. Further error analysis revealed that high-component
alloy thermal conductivities distributed within 50.0-150.0 W/(m-K), with systematic overestimation below
100.0 W/(m-K). In this region, 76% of data points showed overestimation errors exceeding 10%, with 34%
exceeding 30% error.



Page 14 of 18 Chen et al. J. Mater. Inf. 2025, 5, 22 | https://dx.doi.org/10.20517/jmi.2024.89

A 175+ © Element (R?=0.99) B 175F © Element+CALPHAD (R2:0A99) C 175+ © Element+CALPHAD+DFT (R?=0.99)
2150t Zsof 250t
=} omz00 g o =] o0@AO®
S 125+ g S5t S 125+ i
2100 - 2100 2100 -
= = =
§ 75t ; 75+ § 751
B 3 F
T 5l £ sof 5 01
g g E
£ st XGB | £ 25t XGB | £ 25t XGB
Train Set Train Set Train Set
0 . . . . . . | 0 . . , . . . . 0 . . . . L . :
0 25 50 75 100 125 150 175 0 25 50 75 100 125 150 175 0 25 50 75 100 125 150 175
Experimental Values (W/(m-K)) Experimental Values (W/(m-K)) Experimental Values (W/(m-K))
Data Density I
Low High
D 175+ o Element (R*=0.24) E 175+ © Element+CALPHAD (R?*=0.38) F 175+ © Element+CALPHAD+DFT (R2=0Al8)
Zsof Zsof 250t
£ E o) £ O
= 1251 [) =125+ S 125+ o
z ® z o ° z o ©
= o0& < o < W
§ 100+ @O Fo o £ 100 F o@g §0 Z 100} OO\ Ow g%ﬁeo
=2 o = o o®0 = o
< 75t S %% S 75t & @ < 75t i
3 3 3
5 S0 o S0F 5 S0
3 2 Z
& 251 XGB g 25¢ XGB £ 25r XGB
Test Set Test Set Test Set
0 . . . . . . . 0 L . \ L A . . 0 A . . . . . )
0 25 50 75 100 125 150 175 0 25 50 75 100 125 150 175 0 25 50 75 100 125 150 175
Experimental Values (W/(m-K)) Experimental Values (W/(m-K)) Experimental Values (W/(m-K))
Number of Elements [N
4 5 6 7

Figure 8. Scatter plots comparing XGBoost predictions with experimental values across three feature subsets. (A-C) Low-component
train sets; (D-F) High-component test sets.

The data density color maps in Figure 8A-C reveal that this decreased prediction accuracy can be largely
attributed to the sparse distribution of training data from low-component systems in regions below
100.0 W/(m-K). Moreover, the component number color maps in Figure 8D-F demonstrate that prediction
errors systematically increase with the number of alloying elements, indicating that the complexity of high-
component systems poses additional challenges for model extrapolation. As shown in Supplementary
Figure 2, neither temperature nor alloying element content shows significant correlation with prediction
errors in high-component systems. These findings suggest that the prediction errors stem from both
overfitting due to data sparsity and the inherent complexity of high-component systems.

Various approaches have been proposed to enhance extrapolation capabilities of machine learning models.
For instance, hierarchical prediction frameworks have shown success in metal halide perovskites studies,
where properties spanning different value ranges were effectively predicted through a multi-level
classification strategy'”. However, the relatively sparse data distribution in high-component Mg alloy
systems makes it difficult to establish meaningful hierarchical classifications. In this work, we instead
implemented L1 and L2 regularization optimization. Grid search was conducted across the range (1E-3,
1E4) to evaluate model performance under different regularization strength combinations. The baseline
used unoptimized regularization parameters of 0.1 for both L1 and L2, as recommended by Bayesian
optimization.

The systematic optimization through L1 and L2 regularization demonstrated significant improvements in
model extrapolation capability, as shown in Figure 9. The heat maps clearly reveal how different
combinations of regularization parameters affect model performance across both low-component training
sets and high-component test sets. Optimal prediction performance was achieved with both regularization


https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202503/jmi4089-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202503/jmi4089-SupplementaryMaterials.pdf

Chen et al. J. Mater. Inf. 2025, 5, 22 | https://dx.doi.org/10.20517/jmi.2024.89 Page 15 of 18

Element+CALPHAD Element +CALPHAD+DFT
0,

1E-3 0.16 0.17 029 135 VRN 0.2 015 016 027 110 536 3390 ISR 0.14 0.15 025 1.03 540 20,71MAPEA§§’)

1E-2 7 0.16 0.18 029 136 [USBPA 0.15 0.15 0.17 027 1.08 5.36 pIXEY33.90 1E-2 0.15 0.16 026 1.01 5.40 pl¥AY33.90
E=} f=1 =
.2 1E-1 020 022 0.33 140 ESBUAN 0.19 0.19 020 031 1.11 535 pIXE133.90 SR 0.18 0.19 028 1.05 5.40 pINAY33.90
=1 =1 =
< < <

N

'g 1E0 2 044 043 053 148 g 82000 037 037 037 046 1.19 5.38 RIKR33.90 '5 1E0 0.36 036 044 1.12 5.43 pl[]33.90
= = =
ESIRRSAN 130 133 1.34 135 2.07 FEIRIAY 110 1.09 1.08 1.17 1.69 55 & 1El 1.06 1.09 1.14 1.69
=4 &~ =4
L RRUPA 459 460 4.60 4.63 498 — 3.66 3.63 370 381 4.09 6.83 PAREL33 98 MY 3.60 3.67 4.04
= = =

1E3 [15.54 15.54 15.54 15.50 15.74 17.02 26.56 k%74 1E3 |13.33 13.33 13.33 13.41 13.70 14.91 24.59 FZX]

m oM om
R

1§2%/8 37.33 37.33 37.33 37.33 37.33 37.33 37.33 37.33 4328 37.33 37.33 37.33 37.33 37.33 37.33 37.33 37.33

1E-3 1E-2 1E-1 1EO 1E1 1E2 1E3 1E4 1E-31E-2 1E-1 1E0 1E1 1E2 1E3 1E4 1E-3 1E-2 1E-1 1EO 1El 1E2 1E3 1E4
L2 Regularization L2 Regularization L2 Regularization

D 153 [is75 1862 1822 17.58 16501995 E 1E-3 [19.48 20.19 20.19 18.20 16.17 19.55| F 1E-3 |19.82 19.58 20.00 18.27 16.42 16.02 19.54
1E-2 |18.74 18.47 18.19 17.65 16.80 19.95| 1E-2 1930”%19.51 18.48 16.17 19.55| 1E-2 [19.50 19.78@#18.84 16.54 16.02 19.54)
é 1E-1 [18.36 18.10 18.07 17.58 16.80 19.95| _§ 1E-1{19.77 19.30 20.15 18.30 15.58 16.17 19.55| .§ 1E-1 [19.98 19.73 19.81 18.35 16.57 16.02 19.54
g 1E0[18.39 17.74 17.91 18.08 16.8019.95| -g 19.23@19.57 18.33 1625 16.17 19.55| 'g 1EO [18.68 18.94 19.29 19.12 16.61 16.04 19.54
Eo 1E1 [16.53 16.74 16.79 17.00 16.88 19.95| ;30 18.07 18.05 17.95 18.59 16.20 19.55| ?)o LE1 |17.11 17.12 1795 1736 1539 B8 16.06 19.55
; 1E2 (1548 15. 16.92 20.00) Q:i 15,99 EEE] 16.18 19.60( ; 1E2 EX116.12 19.60)
1E3 1E3 |1 6 15.17 15.09 16.32 20.05|
[USXY 22 28 22.28 22.28 22.28 22.28 22.28 22.28 22.28 IENEERNSEY 07 28 22 28 22.28 22.28 22.28 22.28 22.28 22.2¢ J9SLR 22 28 22.28 22.28 22.28 22.28 22.28 22.28 222§
1E-3 1E-2 1E-1 1E0 1E1 1E2 1E3 1E4 1E-3 1E-2 1E-1 1EO0 1E1 1E2 1E3 1E4 1E-3 1E-2 1E-1 1EO 1E1 1E2 1E3 1E4
L2 Regularization L2 Regularization L2 Regularization

Figure 9. Heat maps showing XGBoost model performance with L1and L2 regularization optimization. (A-C) Low-component train sets;
(D-F) High-component test sets.

parameters set to 100, resulting in an average MAPE of 13.9% on high-component test sets, a 5.4%
improvement from the unregularized 19.3%. The average MAPE on low-component train sets was 7.3% and
maintained acceptable accuracy. Among the three feature subsets, the combination incorporating DFT
features showed the most promising results after regularization optimization, achieving the lowest MAPE of
13.6% on high-component test sets, compared to 14.35% for elemental properties alone and 13.85% for the
combination incorporating CALPHAD features.

The improved performance can be attributed to the complementary effects of L1 and L2 regularization
mechanisms. L1 regularization contributes to model optimization through two primary channels: first, it
promotes feature sparsity by effectively zeroing out less important features, thereby reducing model
complexity; second, it implements dynamic feature selection during the training process, preventing any
single feature from dominating the model’s decisions. Meanwhile, L2 regularization enhances model
robustness in multiple ways: it reduces the model’s sensitivity to outliers and noise in the training data by
constraining weight magnitudes, facilitates smoother transitions between different feature values, and helps
prevent sharp discontinuities in the model’s predictions. This synergistic combination of regularization
techniques effectively balances the model’s complexity and generalization ability, particularly crucial when
extrapolating to more complex alloy systems where the underlying physical relationships become
increasingly sophisticated. The optimized regularization parameters ensure that the incorporated DFT and
CALPHAD features contribute meaningful physical insights while preventing overfitting, thereby enabling
more reliable predictions for novel high-component Mg alloys.

To further investigate factors affecting model extrapolation capability, different sampling ratios (5%-100%)
of the low-component training set were evaluated across three feature subsets. As shown in Supplementary
Figure 3, when using only 5% of the training data, the model exhibits poor stability with the highest MAPE
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of 21.0% and standard deviation of 3.4%. A significant improvement occurs at 20% training data, with
MAPE decreasing to 15.7%, suggesting this represents a minimum threshold for effective model training.
The prediction performance shows diminishing returns beyond 60% training data, where MAPE reaches
14.1% and only marginally improves to 13.9% with the complete dataset. This indicates that around 570
training points may be sufficient for achieving stable model performance, and future improvements should
focus on acquiring targeted data from sparse regions rather than simply expanding the dataset size.

CONCLUSIONS

This study systematically collected 1,139 thermal conductivity experimental data points for multi-
component, multiphase Mg alloy systems and constructed a domain knowledge-based, multiscale high-
dimensional feature space incorporating elemental properties, thermodynamic properties, and electronic
structure characteristics. Machine learning algorithms were employed to develop thermal conductivity
prediction models for Mg alloys. Through feature selection and model interpretability analysis, we revealed
the influence mechanisms of different features on Mg alloy thermal conductivity, providing theoretical
guidance for the design and optimization of high thermal conductivity Mg alloys. The main conclusions are
as follows:

1. Multiscale computed features, including atomic radius differences, enthalpy, cohesive energy, and the «,/
7, demonstrated significant contributions to predicting Mg alloy thermal conductivity. By integrating these
key features, the XGBoost model accurately predicted thermal conductivity for low-component Mg alloys
(up to ternary systems) with a MAPE better than 2.16%.

2. The incorporation of L1 and L2 regularization effectively enhanced the machine learning model’s
extrapolation capability for new quaternary and higher-order systems. The regularization-optimized
XGBoost model achieved a MAPE of 13.60% on the high-component alloy test set while maintaining good
fitting accuracy on the low-component alloy training set (MAPE of 7.30%).
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