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Abstract

Machine learning (ML) models were developed to predict the hydrogen sorp-
tion properties of Zr—Ti-based C14 Laves phase AB, alloys—unit cell volume
(V14), enthalpy of hydrogen absorption (AH), entropy of hydrogen absorp-
tion (AS), and equilibrium plateau pressure (Peq)—from chemical composi-
tion and calculated physical properties. A curated dataset of 244 alloys was
compiled from the literature, with two feature categories compared: element
atomic percent and properties-based variables (molar mass, bulk density, mo-
lar volume, atomic radius ratio, bulk modulus, electron density, B/A ratio).
Five ML algorithms (linear regression, random forest, ridge regression, KNN,
XGBoost) were trained with 80/20 train—test split, 5-fold cross-validation,
and forward feature selection. Element atomic percent features outperformed

properties-based features for all target variables. V14 was predicted with the
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highest accuracy (R? up to 0.955 on the test set), while P, showed moderate
accuracy (R? up to 0.741) and a notable linear correlation with V14. Predic-
tion of AH and AS yielded moderate and low accuracies, respectively, high-
lighting opportunities for more advanced feature engineering. These results
demonstrate the potential of ML to accelerate the design of AB,; hydrogen
storage alloys.

Keywords: ABy alloy, C14 Laves phase, Hydrogen storage, Machine

learning, Feature selection, Zirconium-titanium

1. Introduction

Metal hydrides are compounds of metallic elements with hydrogen. Due
to their reversible formation and dissociation, metal hydrides can be used for
various energy storage applications, including solid-state hydrogen storage
for automotive applications [I] and as electrode materials in nickel-metal
hydride (NiMH) batteries [2].

Metal hydrides can be classified into three classes, each with distinct at-
tributes. The first class is binary hydrides, in which metals absorb hydrogen
in their lattice sites to form metal-hydrogen compounds (e.g., MgH,, CaH,).
Hydrides of Groups I and II metals exhibit ionic metal-hydrogen bonding,
with the exception of MgH,, which represents a transition between ionic
and metallic hydride. The binary hydrides of transition metals (d-block) are
metallic in properties and appearance. Alloys can form with either disordered
or ordered crystal structures; the former are called solid solution alloys, whose
hydrides belong to the BCC-based hydride class (e.g., Ti—V alloys) |3, [4, [5].

The latter are intermetallic alloys with ordered crystal structures, typically
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C14 and C15 Laves phase types [6], whose hydrides constitute the intermetal-
lic hydride class. The last class is complex hydrides, which are compounds
of metals (notably Groups I and II) with hydride complexes of the boron
family.

Titanium-based metal hydrides belong to an important class because of
their unique properties, abundance, and relatively low cost. The volumetric
hydrogen density of TiHy is 150 kg Hy/m?, more than twice that of liquid
hydrogen. The formation enthalpy of TiHjy is —123.4 kJ/mol Hy at 298 K,
meaning significant heat is released during hydrogenation, making Ti and
its alloy hydrides candidates for heat storage systems. The high stability
of TiH,, with a dissociation temperature of approximately 700 °C at 1 bar,
makes these alloys potentially interesting as high-temperature hydrogen stor-
age materials. The interaction of hydrogen with vanadium is rather complex,
with various stable vanadium hydrides forming below approximately 200 °C.
Ti-V alloys absorb about 4 wt.% hydrogen, and their kinetics and thermal
stability can be tuned by alloying and microstructure control [3, 4, [7]. Al-
though the crystal structure is BCC in most of these cases, the addition of
extra elements may result in the formation of a secondary C14 phase.

Among the intermetallic hydrides, AB,-type alloys have received consid-
erable attention because of their high hydrogen capacities compared with
ABj-type intermetallics, along with their easy activation [§,[@]. In the A-B
systems, three individual phases are formed, including two Laves-type inter-
metallics with a hexagonal C14 (MgZna-type) and cubic C15 (CusMg-type)
structure. Hydrogen storage capacities, thermodynamics, and kinetics of the

formed hydrides are affected by the fraction of each phase [10]. C14 and C15
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type compounds normally have lower capacities than the BCC alloy; how-
ever, the C14 or C15 structures have advantages in sustaining cycle stability
and possess improved activation properties. Recent interest lies in using less
pure elements for preparing the alloy to reduce overall cost, for example using
Fe-V instead of pure V and Fe |11}, 12].

Machine learning is now widely used in materials science studies [13] 14,
15 16 I7]. The first and most crucial step is data gathering and data treat-
ment so that the sample can be used to accurately predict the properties.
Selection of the learning algorithms depends on the aim of the research. Re-
cently, some works have used machine learning approaches to predict the
properties of metal hydrides [I8, [19]; however, the databases used are quite
old, and updating the database is useful. More recent studies have applied
ML to ABy alloys specifically [20, 21, 22], 23], hydrogen storage capacity es-
timation [24] 25], thermodynamic property prediction [26], and high-entropy
Laves phase hydride exploration [27, 28]. Zhang et al. [29] applied machine
learning to predict formation enthalpies of intermetallics, demonstrating the
viability of data-driven approaches for Laves phase compounds. Dedicated
hydrogen storage material databases and Al-assisted literature mining plat-
forms have also been developed [30], and ML-augmented data augmentation
approaches have been applied to metal hydride discovery [31].

In this work, we develop ML models to predict the hydrogen sorption
properties of Zr—Ti-based C14 Laves phase AB, alloys from their chemical
composition. Two categories of input features are systematically compared:
(i) element atomic percent variables, which directly encode the alloy com-

position, and (ii) properties-based variables derived from the composition,
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including molar mass, bulk density, molar volume, atomic radius ratio, bulk
modulus, electron density, and B/A ratio. Five ML algorithms—multivariate
linear regression, random forest regression, ridge regression, k-nearest neigh-
bour (KNN), and extreme gradient boosting (XGBoost)—are evaluated for
their predictive performance. Forward feature selection is employed to iden-
tify the most informative feature subsets, and model performance is rigor-

ously assessed using train, test, and cross-validation metrics.

2. Methodology

2.1. Dataset construction

Databases for this research were collected from previous work on AB,
alloy-type compounds published in academic journals. This literature pro-
vides a stoichiometric analysis of constituent elements, phase abundance, and
volume of C14 and C15 Laves phases, as well as the energy and entropy of
hydrogen absorption. The initial dataset comprised 276 entries. After re-
moving 16 entries for which only the C15 Laves phase was identified (out
of 260 entries with phase identification data), and subsequently applying a
variance filter to remove elements with variance lower than 0.0002, the final
dataset contained 244 entries.

Figure [1| shows a heat map that indicates the frequency of each element
used in an AB, intermetallic compound. Zr and Mn were the most used
elements in the AB, intermetallic compound system. The collected variables
were divided into independent and dependent variables. The independent
variables were grouped into properties-based and element atomic percent-

based variables of the alloy. The properties-based variables included molar
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mass (MM), bulk density (BD), molar volume (MV), atomic radius ratio
(RR), bulk modulus (BM), electron density (e/a), and the ratio between A-
site components (Ti and Zr) and B-site components (B/A). Properties-based
variables were calculated from available data in journals. The dependent
variables were the volume of the C14 Laves phase (V14), enthalpy of hydrogen
absorption (AH), entropy of hydrogen absorption (AS), and equilibrium
plateau pressure (P,q). At this stage, 276 lines of data were collected.
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Figure 1: Heat map of element frequency in ABs intermetallic compounds from the com-

piled dataset. Zr and Mn are the most prevalent elements.

2.2. Data preprocessing

Before processing with machine learning, the dataset needed to be cleaned.
Of the 276 entries collected, only 260 had phase identification data, and of
these only 16 were C15 Laves phase entries; therefore, C15 entries were re-
moved from the dataset, reducing it to 244 entries. A variance test was then

conducted: elements with a variance lower than 0.0002 were filtered out. The
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removed elements included Ho, Sn, Al, C, Mg, Gd, B, Mo, W, La, Si, Nb,
and Ce. Next, the dataset was divided into four dependent variable groups:
V14, AH, AS, and P,,. The data distribution for each group is shown in
Figure

Using Pearson correlation, parameters that had a linear relationship were
eliminated. Referring to [29], the linear correlation limit between parameters
was 0.9. As shown in Figures[3land[4] only Ti and Zr had a linear relationship
greater than 0.9. Ti and Zr have a remarkably high correlation, possibly
due to the interchangeability of Ti with Zr in the A site. The Zr value
will automatically decrease when the Ti value increases, resulting in a high
correlation value as shown by the dark red colour on the upper-left corner of
the heat map. However, despite their high correlation, Ti and Zr were not
eliminated from the dataset because of the considerable effect of Ti/Zr as the
A-site elements on AB, properties. The dataset was scaled using Min—-Max

scaling, which transforms the data to a range of 0 to 1:

T — Tmin
Tscaled = ——— (1)
Tmax — Lmin

where x is the original feature value, and x,;, and x,,., are the minimum

and maximum values of the feature, respectively.

2.8. Feature selection

Before creating the model using machine learning, forward feature se-
lection was conducted to identify the most important set of independent
variables that could accurately predict the output variable. The algorithm
used in the feature selection process adapted the model algorithm used later

in model training. As shown in Figure [ forward feature selection started

7
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Figure 2: Data distribution of the four dependent variables: (a) V14, (b) AH, (c) AS,
and (d) Peqy-



Figure 3: Pearson correlation heatmap for properties-based independent variables.
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Figure 4: Pearson correlation heatmap for element atomic percent independent variables.

The high correlation between Ti and Zr is visible in the upper-left corner.
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with an empty feature set, iterated through the various features, and selected
the one that maximized the accuracy. The features selected for each model

algorithm varied depending on the model and dependent variable predicted.
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Figure 5: Example of forward feature selection result, showing the incremental improve-

ment in model accuracy as features are sequentially added.

1o 2.4. Machine learning algorithms

Five machine learning algorithms were used in this study:

o Multivariate linear regression (LR): A linear approach that models the
relationship between the independent variables and the dependent vari-

able by fitting a linear equation to the observed data.

135 e Random forest regression (RF): An ensemble learning method that con-

structs multiple decision trees during training and outputs the mean

11
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prediction of the individual trees, reducing variance and improving gen-

eralization.

Ridge regression: A regularized variant of linear regression that adds
an Lo penalty term to the loss function, shrinking coefficient estimates
and reducing model variance, particularly useful when multicollinearity

is present.

k-Nearest neighbour (KNN): A non-parametric, instance-based learning
method that predicts the target value by averaging the responses of the
k nearest training examples in the feature space. The optimal k value

was determined through cross-validation.

Ezxtreme gradient boosting (XGBoost): A gradient-boosted decision tree
algorithm that builds an ensemble of weak learners sequentially, with

each new tree correcting the residual errors of the previous ensemble.

2.5. Model training and evaluation

After feature selection, the selected parameters were split into indepen-
dent (X) and dependent (Y) variables. The dataset was partitioned into a
training set (80%) and a testing set (20%). The training set was used to
train the model, while the testing set served as an independent evaluation of
generalization performance. Cross-validation was conducted to avoid overfit-
ting. Five-fold cross-validation (CV) was applied: the system automatically
split the data into 5 subsets randomly and iteratively fitted the model with
4 subsets and evaluated on the remaining subset. The accuracies were aver-
aged over the entire process and defined as the CV accuracy, reported as the

validation set performance.

12
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Three evaluation metrics were used: coefficient of determination (R?),
mean absolute error (MAE), and root mean squared error (RMSE). The
train set score was obtained based on the difference between the predicted
values from the X train dataset and the y train dataset. The test set scores
were obtained from the difference between predicted values from the X test

dataset and the y test dataset.

3. Results and discussion

This research used two types of independent variable—the element atomic
percent of the alloy and the properties of each alloy—with the dependent
variables V14, AH, AS, and P, For V14, machine learning produced high
accuracies, with element atomic percent variables presenting more accurate
models than properties-based variables. For AH, both element atomic per-
cent and properties-based variables produced moderate accuracies. For AS,
both types produced low accuracies. For P, both types produced moderate

accuracies, and P,y showed a linear correlation with V14.

3.1. Prediction of V14 from properties-based variables

Table (1| presents the ML prediction results for V14 using properties-based
independent variables. Among the five algorithms, RF achieved the highest
test set R? of 0.931, followed by KNN (k=5) at 0.889 and XGBoost at 0.882.
Linear regression and ridge regression yielded substantially lower test accu-
racies (R? = 0.670 and 0.600, respectively), indicating that the relationship
between properties-based features and V14 is not well captured by linear

models alone.

13
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Table 1: Machine learning results for V14 with properties-based independent variables.

R? MAE (A3) RMSE (A3%)
Model
Train Test Val Train Test Val Train Test Val
LR 0.746 0.670 0.715 1.999 2.675 2.059 2.747 3.621 2.810
RF 0.980 0.931 0.863 0.485 1.155 1.347 0.777 1.647 1.984
Ridge 0.722 0.600 0.702 2.120 2.896 2.193 2.870 3.987 2.914

KNN (k=5) 0.886 0.889 0.830 1.224 1.606 1.562 1.841 2.102 2.198
XGBoost 0.999 0.882 0.823 0.023 1.513 1.557 0.089 2.164 2.229

Note: Selected features — LR: e¢/a, BD, MV, B/A; RF: ¢/a, BD, RR, MV; Ridge: ¢/a,
BD, RR, MV; KNN: RR, MM, MV; XGBoost: ¢/a, RR, MV, B/A. Val = 5-fold

cross-validation.

Notably, XGBoost achieved a near-perfect training R? of 0.999, but its
validation R? dropped to 0.823, and the RMSE increased from 0.089 (train)
to 2.229 (validation), indicating mild overfitting. In contrast, RF exhibited
better generalization, with a validation R? of 0.863 and a smaller gap between

training and validation RMSE.

3.2. Prediction of AH from properties-based variables

Table 2| presents the ML prediction results for AH using properties-based
independent variables. The prediction of enthalpy proved more challenging
than V14. The best validation R? was 0.561 (RF), while LR and Ridge
yielded R? values around 0.34-0.36, indicating that only about half of the
variance in AH is captured by the models at best.

The moderate accuracies for AH prediction may be attributed to the

14
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Table 2: Machine learning results for AH with properties-based independent variables.

R? MAE (kJ/mol H,) RMSE (kJ/mol Hy)

Model
Train Test Val Train Test Val Train Test Val
LR 0.381 0.290 0.360 4.874 6.254 4.916 6.639 7.972 6.714
RF 0.920 0.421 0.561 1.660 5.711 3.941 2.375 7.201 5.519
Ridge 0.364 0.262 0.336 4.962 6.449 5.035 6.730 8.129 6.839

KNN (k=3) 0.803 0.395 0.558 2.617 5.467 3.968 3.745 7.362 5.586
XGBoost 0.969 0.410 0.494 0.530 5.618 4.158 1.476 7.265 5.967

Note: Selected features — LR: e¢/a, BM, RR, MV; RF: e/a, BM, RR; Ridge: e/a, BM,
RR, MV; KNN: e/a, BM, BD, RR; XGBoost: e/a, BM, RR. Val = 5-fold

cross-validation.

complex interplay of electronic, structural, and vibrational factors that gov-
ern the enthalpy of hydrogen absorption, which are not fully captured by the

relatively coarse properties-based descriptors.

3.3. Prediction of AS from properties-based variables

Table [3] presents the ML prediction results for AS using properties-based
independent variables. The prediction of entropy proved to be the most chal-
lenging task, with validation R? values being negative for most algorithms,
indicating that the models perform worse than simply predicting the mean
value. Even the best-performing algorithm (KNN, validation R? = 0.144)
captured very little of the variance in AS.

This outcome is not unexpected, as the entropy of hydrogen absorption

is governed by configurational, vibrational, and electronic contributions that

15
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Table 3: Machine learning results for AS with properties-based independent variables.

R? MAE (J/mol Hy/K) RMSE (J/mol Hy/K)
Model
Train Test Val Train Test, Val Train Test, Val
LR 0.066 0.104 —0.146 12.797 12.795 13.273 18.187 17.745 18.938
RF 0.866 0.499 —-0.012 4.304 9.490 11.396 6.880 13.264 17.762
Ridge 0.065 0.097 —0.112 12.761 12.769 13.142 18.205 17.814 18.766

KNN (k=5) 0.463 0.196 0.144 9.118 12916 11.573 13.794 16.806 16.655
XGBoost 0.964 0.378 —0.313 1.008 10.656 19.484 3.558 14.787 12.353

Note: Selected features — LR: e/a, B/A; RF: e/a, BM, MV, B/A; Ridge: e/a, B/A;
KNN: BD, RR; XGBoost: e¢/a, BM, MV, B/A. Val = 5-fold cross-validation.

are highly sensitive to local structural details and temperature-dependent

phenomena not captured by static bulk property descriptors.

3.4. Prediction of P, from properties-based variables

Table 4 presents the ML prediction results for P, using properties-based
independent variables. The equilibrium pressure exhibited moderate predic-
tion accuracies. RF achieved the highest validation R? of 0.718, while LR
yvielded the highest test R? of 0.658.

3.5. Prediction of V14 from element atomic percent variables

Table [5| presents the ML prediction results for V14 using element atomic
percent independent variables. The prediction accuracy improved consid-
erably compared to properties-based features. Linear regression achieved a
remarkable test R? of 0.955—a substantial improvement over its properties-

based counterpart (0.670). This result demonstrates that the element com-

16
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Table 4: Machine learning results for P, with properties-based independent variables.

R? MAE (atm) RMSE (atm)
Model
Train Test Val Train Test Val Train Test Val
LR 0.593 0.658 0.557 0.571 0.508 0.588 0.704 0.684 0.728
RF 0.954 0.636 0.718 0.169 0.410 0.421 0.238 0.707 0.581
Ridge 0.571 0.533 0.538 0.588 0.574 0.605 0.722 0.800 0.745

KNN (k=3) 0.865 0.602 0.689 0.291 0.434 0.441 0.406 0.739 0.605
XGBoost 0.984 0.616 0.690 0.042 0.419 0.416 0.138 0.726 0.609

Note: Selected features — LR: BM, BD, RR, MV; RF: BM, BD, RR, MV; Ridge: BM,
BD, RR, MV; KNN: ¢/a, RR, MM; XGBoost: B/A, e/a, RR, MV. Val = 5-fold

cross-validation.

position encodes more direct and informative signals for predicting V14 than
the derived physical properties.

Interestingly, while XGBoost again achieved near-perfect training accu-
racy (R? = 0.998), its test and validation R? values (0.838 and 0.835) were
lower than those of the simpler linear regression model, suggesting overfitting.
The observation that a simple linear model outperforms complex ensemble
methods implies that the element atomic percent features exhibit a predom-

inantly linear relationship with V14.

3.6. Prediction of AH from element atomic percent variables

Table [6] presents the ML prediction results for AH using element atomic
percent independent variables. As with properties-based features, the pre-

diction of enthalpy remained challenging. The best validation R? was 0.531

17
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Table 5: Machine learning results for V14 with element atomic percent independent vari-

ables.
R? MAE (A3) RMSE (A3%)
Model
Train Test Val Train Test Val Train Test Val
LR 0.927 0.955 0.911 0.952 0.999 1.026 1.468 1.329 1.548
RF 0.940 0.898 0.795 0.621 1.318 1.454 1.332 2.012 2.409
Ridge 0.895 0.893 0.876 1.182 1.534 1.285 1.763 2.055 1.862

KNN (k=2) 0.953 0.876 0.850 0.761 1.455 1.388 1.177 2.221 2.064
XGBoost 0.998 0.838 0.835 0.084 1.496 1.256 0.220 2.539 2.152

Note: Selected features — LR: Ti, Zr, Mn, Co, Cr, V, Ni, Sn, Al, Fe; RF: Ti, Zr, Co, Cr,
V, Ni, Sn, Al, Fe; Ridge: Ti, Zr, Mn, Co, Cr, V, Ni, Sn, Al, Fe; KNN: Ti, Zr, Mn, Cr,
Sn, Al; XGBoost: Ti, Zr, Mn, Co, V, Ni, Sn, Al, Fe. Val = 5-fold cross-validation.

(KNN), and the best test R? was only 0.413 (KNN), indicating that element

composition alone does not fully capture the factors governing enthalpy.

3.7. Prediction of AS from element atomic percent variables

Table [7| presents the ML prediction results for AS using element atomic
percent independent variables. As with properties-based features, the pre-
diction of entropy was the most challenging task, with validation R? values

being negative for most algorithms. The best validation R? was only 0.218

(KNN).

3.8. Prediction of P, from element atomic percent variables

Table 8 presents the ML prediction results for P, using element atomic

percent independent variables. The equilibrium pressure exhibited moderate

18



Table 6: Machine learning results for AH with element atomic percent independent vari-

ables.
R? MAE (kJ/mol Hy) RMSE (kJ/mol Hy)
Model
Train Test Val Train Test Val Train Test Val
LR 0.365 0.252 0.349 4.756 6.422 4.805 6.720 8.183 6.772
RF 0.609 0.262 0.410 3.136 6.027 4.572 5.274 8.129 6.483
Ridge 0.362 0.247 0.347 4.788 6.441 4.839 6.738 8.210 6.784

KNN (k=4) 0.705 0.413 0.531 3.172 5.175 4.166 4.585 7.254 5.742
XGBoost 0.832 0.329 0.507 1.502 5.732 4.201 3.463 7.750 5.844

Note: Selected features — LR: Zr, Al, Fe; RF: Ti, Cr; Ridge: Zr, Al, Fe; KNN: Ti, Zr,
Ni, Sn, Al, Fe; XGBoost: Ti, Mn, Cr, Ni, Sn. Val = 5-fold cross-validation.

Table 7: Machine learning results for AS with element atomic percent independent vari-

ables.
R? MAE (J/mol Hy/K) RMSE (J/mol Hy/K)
Model
Train Test Val Train Test Val Train Test Val
LR 0.007 —0.028 —0.068 12.594 13.682 12.817 18.761 19.013 18.646
RF 0.628 0.316 0.122 5.791 10.373 10.446 11.487 15.499 16.460
Ridge 0.006 —0.022 —0.067 12.575 13.644 12.770 18.765 18.962 18.640

KNN (k=6) 0.533 0.342 0.218  8.210 10.611 10.266 12.868 15.203 15.773
XGBoost 0.664 0.130 —0.020 4.278 11.825 10.994 10.907 17.478 18.038

Note: Selected features — LR: Al; RF: Zr, Mn, Ni, Sn, Al; Ridge: Al; KNN: Zr, Mn, Cr,
V, Sn, Al, Fe; XGBoost: Zr, Mn, Ni, Sn. Val = 5-fold cross-validation.

19



prediction accuracies across all algorithms. Linear regression achieved the
highest test R? of 0.741, while KNN (k=4) and XGBoost yielded the highest
validation R? of 0.739.

Table 8: Machine learning results for P, with element atomic percent independent vari-

ables.
R? MAE (atm) RMSE (atm)
Model
Train Test Val Train Test Val Train Test Val
LR 0.697 0.741 0.675 0.471 0.394 0.486 0.604 0.555 0.622
RF 0.911 0.613 0.721 0.228 0.377 0.430 0.328 0.677 0.575
Ridge 0.635 0.693 0.619 0.516 0.471 0.530 0.664 0.603 0.673

KNN (k—4) 0.845 0.688 0.739 0.321 0.396 0.424 0.432 0.609 0.555
XGBoost 0.945 0.707 0.739 0.111 0.339 0.397 0.257 0.589 0.555

Note: Selected features — LR: Ti, Zr, Co, V, Ni, Al, Fe; RF: Ti, Zr, Co, Ni, Fe; Ridge:
Zr, Co, V, Al, Fe; KNN: Ti, Zr, Co, Cr, Ni, Al, Fe; XGBoost: Zr, Co, V, Ni, Sn, Fe. Val

— 5-fold cross-validation.

A notable finding is the linear correlation observed between P, and V14,
as illustrated in Figure [l This relationship is physically meaningful: the
equilibrium pressure of hydrogen absorption in ABy alloys is thermodynam-
ically linked to the unit cell volume through the van’t Hoff equation, where
larger interstitial sites (associated with larger V14) generally provide more
favourable sites for hydrogen occupation, thereby lowering the equilibrium

pressure.

20
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Figure 6: Correlation between equilibrium pressure (Peq) and C14 unit cell volume (V14).

3.9. Visualization of prediction results

255 The visualization of V14 test set predictions with the five machine learn-
ing methods is shown in Figure [7| for element atomic percent-based features

and Figure [§] for properties-based features.

3.10. Comparison of feature types and algorithms

A comparative analysis of the two feature types reveals a clear trend:

%0 element atomic percent variables consistently outperform properties-based
variables for the prediction of V14. The element-based features provide a
more direct and granular representation of the alloy composition, enabling
the models to capture composition-dependent variations in the C14 unit cell
volume with greater fidelity. In contrast, the properties-based variables, while

25 physically interpretable, represent aggregated descriptors that may obscure
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Figure 7: Prediction of V14 using element atomic percent variables: (a) linear regression,
(b) random forest, (c) ridge regression, (d) KNN, and (e) XGBoost. Predicted vs. experi-

mental values are shown for training, testing, and validation sets.
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Figure 8: Prediction of V14 using properties-based variables: (a) linear regression, (b)
random forest, (c) ridge regression, (d) KNN, and (e) XGBoost. Predicted vs. experimental

values are shown for training, testing, and validation sets.
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element-specific contributions.

For V14 prediction with element-based features, linear regression unex-
pectedly achieved the best test set performance (R* = 0.955), surpassing
more complex algorithms. This finding indicates that the relationship be-
tween element composition and V14 is predominantly linear, likely because
the unit cell volume is primarily determined by the weighted average of the
atomic radii of the constituent elements.

For AH and AS, neither feature type yielded satisfactory prediction ac-
curacies, highlighting opportunities for more advanced feature engineering to
capture electronic and vibrational contributions to the thermodynamic prop-
erties. For Py, the moderate accuracies achieved with element-based features
are encouraging and suggest that improvements in feature engineering could
lead to more reliable predictions.

Table [9] summarises the best-performing algorithm for each target vari-
able and feature type, ranked by validation R2. Across all four dependent
variables, element atomic percent features consistently matched or outper-
formed properties-based features, and the best algorithm varied by target:

linear regression for V14, KNN for AH and AS, and KNN/XGBoost for Py,.

4. Conclusions

This study demonstrated the application of machine learning to predict
the hydrogen sorption properties of Zr-Ti-based C14 Laves phase AB, al-
loys from their chemical composition. A curated dataset of 244 alloys was
used to train and evaluate five ML algorithms—Ilinear regression, random

forest, ridge regression, KNN, and XGBoost—using both properties-based

24



Table 9: Summary of best-performing models by target variable and feature type, ranked

by validation R2.

R2
Target Best algorithm

Train Test Val
Properties-based features
V14 RF 0.980 0.931 0.863
AH RF 0.920 0.421 0.561
AS KNN (k=5) 0.463 0.196 0.144
Py RF 0.954 0.636 0.718
Element atomic percent features
V14 LR 0.927 0.955 0.911
AH KNN (k=4) 0.705 0.413 0.531
AS KNN (k=6) 0.533 0.342 0.218

Py KNN/XGB 0.845/0.945 0.688/0.707 0.739/0.739
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and element atomic percent input features. The principal findings are as

follows:

. Element atomic percent variables outperform properties-based features

for the prediction of V14, with linear regression achieving the highest

test R? of 0.955 using element-based features.

. No good correlation was found between either type of feature and AH.

The best validation R? for AH was only 0.561 (RF, properties-based)
and 0.531 (KNN, element-based), indicating that more advanced fea-

ture engineering could improve these predictions.

. AS prediction proved the most challenging, with most models yielding

negative validation R? values for both feature types, indicating that
the current descriptors are insufficient to capture the configurational,

vibrational, and electronic contributions governing entropy.

. Peq showed the strongest correlation with fundamental properties among

the thermodynamic variables, with a notable linear correlation with
V14. Element-based features achieved a test R? of up to 0.741 and a
validation R? of 0.739.

. Forward feature selection effectively identified compact yet informative

feature subsets, with the selected features varying across algorithms

and target variables.

These results are summarised in Table [@ and demonstrate that ML can
effectively predict structural properties (V14) of AB, alloys from composition
alone, while thermodynamic properties (AH, AS, P.,) present opportunities

for more advanced feature engineering to achieve reliable prediction.
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