iIScience

MH-PCTpro: A machine learning model for rapid
prediction of pressure-composition-temperature
(PCT) isotherms

Graphical abstract Authors

Ashwini Verma, Kavita Joshi

Correspondence
k.joshi@ncl.res.in

Predictions

In brief

O S Machine learning; Computational

T2 . . .
¥ materials science; Energy materials

Highlights
e MH-PCTpro, an ML model predicts PCT isotherms for metal
compositions

e Trained on 14,000+ data points from 237 PCT isotherms
across 138 compositions

e Features include elemental and hydriding properties, plus
experimental parameters

e Provides thermodynamic insights via temperature-
dependent PCT isotherm prediction

Verma & Joshi, 2025, iScience 28, 112251
April 18, 2025 © 2025 The Author(s). Published by Elsevier Inc.
https://doi.org/10.1016/j.isci.2025.112251 ﬁ CellPress



mailto:k.joshi@ncl.res.in
https://doi.org/10.1016/j.isci.2025.112251
http://crossmark.crossref.org/dialog/?doi=10.1016/j.isci.2025.112251&domain=pdf

iIScience

¢? CellPress

OPEN ACCESS

MH-PCTpro: A machine learning model for rapid
prediction of pressure-composition-temperature

(PCT) isotherms

Ashwini Verma'-2 and Kavita Joshi'-2:3*

1Physical and Materials Chemistry Division, CSIR-National Chemical Laboratory, Dr. Homi Bhabha Road, Pashan, Pune 411008, India
2Academy of Scientific and Innovative Research (AcSIR), Ghaziabad 201002, India

3Lead contact
*Correspondence: k.joshi@ncl.res.in
https://doi.org/10.1016/j.isci.2025.112251

SUMMARY

We present a machine-learning powered Metal Hydride’s Pressure-Composition-Temperature isotherm Pre-
dictor (MH-PCTpro) for metal compositions. To train the MH-PCTpro, an experimental database of PCT iso-
therms is built from published literature. The database comprises over 14,000 data points extracted from 237
PCT isotherms representing 138 distinct compositions. The dataset encompasses more than 25 elements
and spans a broad spectrum of absorption temperatures (263-653 K) and hydrogen pressures (0.001-40
MPa). The model is validated on a wide range of alloy families and its predictions are consistent with exper-
imental results. The model also captures temperature-dependent variations in plateau pressure, enabling
determination of enthalpy and entropy of hydride formation through Van’t Hoff plots. Hence, MH-PCTpro
can be used as an ML tool for guiding PCT experiments, offering PCT isotherm predictions and valuable ther-
modynamic insights into materials suitable for solid-state hydrogen storage.

INTRODUCTION

Solid-state hydrogen storage in metal alloys holds the potential to
outperform conventional (liquid/compressed) methods on ac-
counts of volumetric capacity, safety, and durability.'™ One ma-
jor advantage of hydrogen storage in metal hydrides is their
energy-efficient way of storing hydrogen at relatively low pres-
sures, and moderate temperatures eliminating the need for lique-
faction or compression. The metal-hydrogen bond offers the
advantage of a high volumetric hydrogen density under moderate
pressures.*> Despite significant performance improvements in
metal hydrides over the past two decades, their practical applica-
tion is hindered by the unattainable thermodynamic and kinetic
properties at ambient conditions for economic viability.®” The
storage properties of metal alloys are strongly related to the
hydrogen pressure, temperature, and the alloy compositions.
This presents a vast chemical space that needs to be explored
to discover suitable solid-state hydrogen storage materials.

The PCT analysis is employed to assess the suitability of an
alloy for hydrogen storage. The PCT isotherm, also known as a
pressure-composition-isotherm (PCI) curve, illustrates how the
hydrogen content in a material changes with pressure and tem-
perature. The PCT isotherms of an alloy are determined by con-
ducting thermogravimetric and volumetric measurements with
Sievert-type apparatus.8 They provide crucial information, like
maximum reversible storage capacity, hydride phase transition,
and the equilibrium plateau pressure. The length of plateau de-
termines how much hydrogen can be stored reversibly. The rela-

tionship between the plateau pressure (P) and temperature
(T) follows the Van’t Hoff equation, enabling determination of
enthalpy and entropy changes associated with the de/hydriding
reactions. Hence, PCT characterization provides insights into
essential hydrogen storage properties of materials.’
Unfortunately, PCT analysis is resource-intensive and time-
consuming as it involves a series of measurements to represent
the relationship between hydrogen pressure, concentration, and
temperature of a sample at equilibrium, and hence limiting the
number of compositions that can be investigated. Conse-
quently, there is a need for alternative methods to expedite the
determination of PCT isotherms for metal alloys, enabling the
rapid exploration of materials suitable for solid-state hydrogen
storage. Recently, Zepon et al. proposed the first thermody-
namic model for calculating PCT diagrams of single-phase
BCC multi-component alloys.’® The model is based on deter-
mining Gibbs free energy of the metal-hydrogen system using
(1) the entropy of mixing of hydrogen in the alloy phases (BCC
phase and hydride phase (« and g)), (2) the enthalpy of hydrogen
mixing, and (3) the chemical potentials of hydrogen and metal.
The enthalpy terms for constituent elements of alloy were
parameterized by combining experimental data and total energy
calculations through density functional theory (DFT). They vali-
dated the model by comparing the calculated PCT isotherms
of various BCC multicomponent alloys with experimentally re-
ported PCT isotherms. Building on this, Ponsoni et al. employed
the same thermodynamic model to predict PCT isotherm of
multicomponent alloys having C14 Laves phase.'’ For both
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Table 1. The average MAE and R2 score for series of evaluations,
including an 80:20 data split of (1) 14000 points, (2) 237 PCT
isotherms, and (3) 138 compositions over 100 iterations

DataSet MAE_Train MAE_Validation R2 Score
80:20 split of 0.12 + 0.002 0.17 + 0.002 0.96
14000 data points

80:20 split of 237 0.11 + 0.006 0.55 + 0.08 0.64
PCT isotherms

80:20 split of 0.11 + 0.009 0.64 + 0.13 0.55

138 compositions

BCC and C14 Laves phase multicomponent alloys the calcu-
lated plateau pressures were found to be in close proximity to
experimental values. However, the model requires further
improvement to accurately predict plateau lengths. Additionally,
the model’s dependence on DFT calculations and experimental
data related to hydrogen-alloy phases poses constraints on its
generalizability and predictability as well.

Machine learning (ML) models offer a host of advantages
over thermodynamic models, particularly when dealing with
complex problems. One of the most significant advantages is
their ability to learn valuable insights from data without requiring
a priori knowledge of physical laws or equations.'” Today, ML is
playing a crucial role in expediting the discovery, design, and
development of materials.”®' In the field of solid-sate hydrogen
storage, various ML models have been employed to predict
properties like hydrogen weight capacity,' enthalpy of hydride
formation, > '° plateau pressure, '°?° etc. These models demon-
strated the advantages of ML to gain insights and predicting
hydrogen storage properties using simple elemental properties.
Some of these initial models, trained on a vast, auto-generated
feature set, offer insights into factors affecting hydrogen storage
in metal alloys. While these interpretable models enhance under-
standing, their complexity can affect prediction accuracy.”’
Subsequently, models are refined by improving datasets and
adding relevant features resulting in significant improvement in
learning and prediction accuracy.'®?? Our recent models have
included temperature as one of the parameters bringing predic-
tions closer to reality. Some of these models are also employed
to predict hydrogen storage properties across a wide range of
chemical compositions in metal alloys, facilitating the identifica-
tion of potential candidates for efficient hydrogen storage.'® It is
important to note that despite their utility, all models have limita-
tions. The scarcity of data is one of the significant limitations.
Some models reveal that if trained on a subset of data, predic-
tions on the same subset are impressive.'® However, transfer-
ability of these models to new material classes and compositions
is limited.

Recently, Kim et al. reported a ML model for predicting PCT
curves of AB;-type hydrogen storage alloys.?® They trained three
different algorithms: K-Nearest Neighbors (KNN), Random For-
est (RF), and Deep Neural Networks (DNN) using PCT data
from 33 different AB, alloys. To improve on prediction accuracy,
they employed fitting functions to generate additional data
points from the experimental PCT data. Additionally, they have
employed the Van’t Hoff equation to generate unmeasured tem-
perature data. The model’s predictions of PCT curves were eval-
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uated at fixed as well as arbitrary temperatures, and the results
aligned with experimentally reported values. The features used
for training are the compositional fraction of elements present
in the alloys and absorption pressures. Just taking compositional
fractions might impose limitation when working with larger pool
of compositions as the fractions do not provide any information
about the properties of the materials. Also, the model cannot
make PCT predictions for various classes of alloys across a
wide temperature range, primarily due to its training on limited
data. Therefore, the need of an efficient and generalized model
remains an open challenge.

In light of this, we present an ML model called MH-PCTpro to
predict the PCT isotherms for various metal hydrides. The model
learns from existing experimental data of diverse metal compo-
sitions, identifying relationships between material properties and
their PCT isotherms. The designed feature set includes experi-
mental parameters like absorption temperature and pressure
along with the periodic table and hydriding properties of ele-
ments. MH-PCTpro, trained on 237 PCT isotherms, achieved
an average MAE of 0.17 + 0.002 wt % and an R2 score of
0.96. We evaluated the model’s accuracy using unseen datasets
and found it effective for alloys containing various elements,
including light metals, transition metals, and lanthanides. Addi-
tionally, we tested the model’s performance using smaller data-
sets and evaluated solutions for improving its accuracy with
limited data. These results highlight that the ML models based
on even sparse but high-quality data along with chemically rele-
vant descriptors effectively predict complex material character-
istics like PCT isotherms to accelerate the discovery of high-per-
formance materials.

RESULTS AND DISCUSSION

MH-PCTpro predicts PCT isotherms for various compositions
as a function of hydrogen pressure and absorption temperature.
To scrutinize the model’s robustness and accuracy in predicting
the PCT isotherm, a series of evaluations are conducted with
different subsets of data and features. First, random 80:20
train-validation split is performed on the approximately 14,000
data points to train MH-PCTpro. Within this data distribution,
MH-PCTpro yielded an average MAE 0.17 + 0.002 wt % of vali-
dation setand animpressive R2 score of 0.96 as shownin Table 1.
We conducted K-fold cross-validation to assess the model’s per-
formance on unseen data as shown in Figure S1. The accuracy
achieved through K-fold cross-validation is comparable to that
obtained with an 80:20 train-validation split. Additionally, the
comparison between the experimental values and those pre-
dicted by the ML model is shown in Figure S2. MH-PCTpro,
trained and tested on a diverse dataset of PCT isotherms from
various alloy classes, achieves comparable accuracy to model
reported by Kim et al.?® (R2 Score = 0.98), which was limited to
PCT isotherms of a single alloy class.

Next, we perform an 80:20 train-validation split on 237 PCT
isotherms, resulting in approximately 190 PCT isotherms in the
training set and the remaining 47 PCT isotherms in the validation
set. Similarly, the same split is applied to 138 unique composi-
tions, yielding approximately 100 compositions in the training
set and the remaining 38 compositions in the validation set for
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100 iterations. Our aim is to build a model which can predict PCT
isotherm as a function of temperature for a given composition.
We performed the latter two experiments by withholding 20%
of the PCT isotherms/compositions from the training set to eval-
uate model performance in predicting complete PCT curve. The
MAEs for the latter two cases are calculated by averaging the
MAE values for each point on a PCT curve. For these two cases,
the MAE increases and a corresponding decrease in the R2
score is noted (refer to Table 1). The observed drop in R2 score
is attributed to the lack of precise overlap between every point of
a predicted and actual PCT isotherms. It is important to note that
error bars such as MAE and R2 score are typically used for point
predictions. However, in the case of predicting the entire PCT
isotherms, the model’s predictability is not entirely evident
from the magnitudes of the R2 score obtained from the average
R2 score of all the predicted points on a PCT plot. We will discuss
this in detail shortly.

I eave One PCT Out (LOPO)
Leave One Composition Out (LOCO)
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Figure 1. Feature importance identified by
the ETR model for PCT isotherm prediction
over 100 iterations

Hydrogen pressure, absorption temperature,
atomic mass (AM), metal-metal dimer bond-en-
ergy (Emm), entropy of mixing (dSmix), enthalpy of
hydride formation (Ep,q), lattice distortion (A
atm_sz) and electronegativity difference (A EN) are
among the most essential features.The maximum
deviation in feature importance measurement over
100 iterations is observed for leave-one-compo-
sition-out(LOCO). In the case of LOCO, the most
important feature, hydrogen pressure, has a
feature importance of 0.45 + 0.03.

Figure 1 illustrates the feature impor-
tance identified by the ETR model for
three different input cases as discussed
in Table 1 i.e., split over (1) all data points,
(2) 237 PCT isotherms, and (3) 138 com-
positions. The order of important features across three distinct
input data scenarios remains consistent, indicating the stability
of the model’s learning across varied inputs. Hydrogen pressure
and absorption temperature are among the most essential fea-
tures, emphasizing their substantial influence on the model’s pre-
dictability. Furthermore, the importance of elemental features like
atomic mass (AM), metal-metal dimer bond-energy (Evm), en-
tropy of mixing (dSmix), enthalpy of hydride formation (Epyq),
lattice distortion (A atm_sz), electronegativity difference (A EN),
volume difference between the element’s bulk phase and its hy-
dride phase (A Vol), covalent radius (CVR), and metal-hydrogen
dimer bond length (BLyy) underscores the significance of funda-
mental properties of constituent elements of compositions in the
model’s learning.

We evaluated the impact of incorporating the new features,
Enye and A Vol on MH-PCTpro predictability by individually pre-
dicting PCT isotherms for 138 compositions. Approximately
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Figure 3. Accurately predicted PCT iso-
therms for Leave-One-PCT-Out analysis

= 101 T-263K ﬁ The black squares represent the experimentally
% EM reported, and the blue circles represent predicted
[} 100 @D@DDDDEM PCT isotherms. The experimental data is taken
§ from ref. 24,27,28, and 29 for (A), (B), (C), and (D).
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10% of the predicted PCT isotherms show significant improve-
ment upon addition of hydriding properties as features, particu-
larly for compositions comprising only transition metals (TM) with
higher fractions. In Figure 2 the black squares indicate experi-
mentally reported PCT isotherms, while the blue and red circles
depict predicted PCT isotherms with and without the inclusion of
hydriding properties as feature. In all four cases (A) Cr0.67Zr0.33,
(B) Fe0.35Ti0.35V0.3, (C) Al0.01Cr0.25Fe0.12Ti0.14V0.48, and
(D) Fe0.2Nb0.2Ni0.2Ti0.2Zr0.2, the compositions consist of hy-
driding elements like V, Ti, Zr, and Nb and non-hydriding ele-
ments Cr, Fe, Al, and Ni. Although V, Ti, Zr, Nb, Cr, Fe, Mo,
Mn, and Ni all are transition metals, compositions consisting of
these elements exhibit significantly different PCT isotherms.
The variation in the PCT isotherms depends on the fractions of
each constituent element present in the composition. For
instance, the introduction of non-hydriding elements like Cr,
Mn, and Fe (which have positive enthalpies of hydride formation),
to stable hydrides of V, Ti, and Nb (which have negative en-
thalpies of hydride formation), lead to the destabilization of the
resultant hydride. Hence, the features quantifying hydriding

2 4
H, Content (wt%)

sults. We have included hydriding prop-
erties into final training of MH-PCTpro
and used for all the predictions shown
hereafter. Examples of compositions wherein model predictions
exhibit negligible or marginal changes following the inclusion of
hydriding features are illustrated in Figure S3. These composi-
tions predominantly comprise alkali metals, alkaline earth
metals, non-metals, and lanthanides as primary constituent ele-
ments. Given the distinct properties of these elements across the
periodic table, the model relies on elemental and compositional
features to make predictions, resulting in minimal alterations
upon the incorporation of hydriding features.

Understanding the MH-PCTpro

Understanding the predictions made by the ML model is crucial
for assessing its applicability and limitations. To achieve this for
MH-PCTpro, we have carried out two specific experiments. In
the first experiment Leave-One-PCT-Out (LOPO), each PCT
isotherm is predicted while retaining the remaining 236 PCT iso-
therms in the training set. Similarly, in the second experiment
Leave-One-Composition-Out (LOCO), each composition’s PCT
isotherms are excluded from the training set at a time for predic-
tion. Table S1and Table S2 illustrate the error bars of the model’s
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When the model is retrained by leaving
one composition out and used for predict-
ing the PCT isotherms of left out composi-
tion, 80% of the compositions met the
norm for “successful prediction”, 14%
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performance in isolated PCT isotherm predictions. For analysis,
we categorized the predicted PCT isotherms into three classes
based on the model’s accuracy in predicting the overall shape
of the PCT isotherms and the maximum weight capacity. (1) Suc-
cessful prediction includes cases where the model accurately
predicted both the shape of the curve and the maximum weight
capacity. (2) Moderate predictions comprise instances where
the model has either predicted the shape of the curve with
reasonable accuracy or the maximum weight capacity well. (3)
Poor prediction includes cases where the model has neither pre-
dicted the shape of the curve nor the maximum weight capac-
ity well.

Leave-one-PCT-out

For LOPO, all the predicted isotherms fall under successful pre-
diction criteriai.e., model has accurately predicted both the shape
of the curve and the maximum weight capacity. Figure 3 (A)
Cr0.67Z7r0.33, (B) Cr0.49Mn0.16Ti0.34, (C) Ni0.59Ti0.03Zr0.38,
and (D) Ce0.01C00.05Mg0.85Ni0.07Y0.01 showcases examples
from best-predicted isotherms. These predictions demonstrate
the model’s ability to extrapolate effectively at different tempera-
tures, provided some relevant isotherms should be present in the
training data. However, in practice the ML model is required to
predict PCT isotherms for entirely new compositions not included
in the training dataset. To assess the MH-PCTpro in this regard,
we performed Leave-One-Composition-Out (LOCO), enabling

fall under “moderate prediction”, and

only 6% predictions could not reproduce

the shape of PCT or the maximum

H2wt %, thus falling under the category
of “poor predictions”. It is important to note that in case of
LOCO, no prior information is available in the dataset about the
specific composition. Yet model has successfully predicted
80% of the PCT isotherms at different temperatures. Figure 4 (A)
Mg0.8Ni0.2, (B) Ni0.59Ti0.092r0.32, (C) Mn0.4Ti0.25V0.35, and
(D) Mn0.51Ti0.34V0.11Zr0.04 represent the accurately predicted
PCT isotherms. The prediction for these four different composi-
tions is consistent with the experimental results in terms of both
the shape of the PCT isotherm and the maximum weight capacity.
All the accurately predicted compositions comprise of alkali
metals, alkaline earth metals, TM, and some lanthanides as con-
stituent elements. The model’s strong predictability for PCT iso-
therms of new compositions containing these elements can be
attributed to the training data. The training data comprised a sub-
stantial proportion of TM and Mg-based compositions, along with
a fair amount of lanthanide-based compositions. Interestingly,
the model’s capabilities extend beyond the elements included in
the training data. Compositions having TMs such as Mo, Pd,
and Zn are new to the model, yet the predicted PCT isotherms
closely align with experimental results, as depicted in the Fig-
ure 5A Cr0.6Mo00.07Zr0.33, (B) Cr0.6Zn0.07Zr0.33, and (C)
Mg0.86Ni0.11Pd0.04. Similarly, the model has also predicted
moderately well for compositions having unseen light-weight hy-
driding element Li with Mg as depicted in Figure 6 (A) Li0.1Mg0.9
and (B) Li0.04Mg0.9Si0.06.

Figure 6. Comparison of experimentally re-
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A O Expt B @ MH-PCTpro Figure 7. Comparison of experimental and
predicted PCT isotherms for compositions
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[ ] o s a4
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%1071 ° o o o L shown in Figure S4. Only a small fraction
8 . .‘.' . o o ¢ (6%) of predictions fall within the poor
a .
& EE: 107Y ° performance category. Figure 8 (A)
1072 o Mg0.85Ni0.085m0.08 Mg0.6Nd0.07Ni0.33 In0.02Mg0.98, (B) Ga0.29Mg0.71, (C)
0 2 0 2 i -
H, Content (wt%) H, Content (wt%) La0.24Mg0.73Ni0.02, and (D) AIO.07

Figure 7 shows the predicted PCT isotherms of compositions
containing lanthanides (Ce, Sm, and Nd) as dopants. On a
closer look at predicted PCT isotherms of compositions
shown in Figure 7 (A) Ce0.03Mg0.89Ni0.08, (C) Mg0.85Ni0.
08SmO0.08 and (D) Mg0.6Nd0.07Ni0.33, it becomes apparent
that, despite sharing the same base family (Mg-Ni), the experi-
mentally observed PCT isotherms and plateau pressure posi-
tions vary significantly depending on the dopant. It is worth high-
lighting that MH-PCTpro effectively predicts the changes in the
characteristics of PCT isotherms induced by the different dop-
ants. The training set comprises 37 % of PCT isotherms of lantha-
nides (La and Ce), measured at wide range of temperatures, en-
ables the model to accurately predict for the new compositions
consisting these elements (La and Ce) as shown in Figure 7
(A) and (B). However, for compositions consisting heavier lantha-
nides the predictions fall under “moderate predictions” as
shown in Figure 7 (C) and (D).

La0.17Ni0.77 show experimental and
predicted PCT isotherms for four different
compositions. Model has failed in accu-
rately predicting PCT isotherms of these compositions. In the
worst predicted PCT isotherms, the compositions either
possess less-represented class of constituent elements like
non-metals (In and Ga) as shown in Figures 8A and 8B or fall
within under-represented temperature range (400-500K) in the
training data as shown in Figures 8C and 8D.

Temperature dependent PCT prediction

The influence of temperature on hydrogen storage properties
is assessed by comparing PCT isotherms at various tempera-
tures. MH-PCTpro is trained on diverse compositions with
PCT isotherms reported over a wide range of temperatures
i.e., (298-680 K). Figure 9 illustrates the performance of
MH-PCTpro for predicting PCT isotherms as a function of
temperature. Figures 9 (A) and (C) are the experimentally
measured PCT isotherms at four different temperatures for
Ce0.05Mg0.9Y0.05 and AI0.05Fe0.05La0.17Ni0.73 respec-
tively, whereas the predicted ones for these two compositions
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Figure 9. Comparison of experimentally reported and predicted PCT isotherms as function of temperature
(A and C) lllustrate experimentally reported PCT isotherms of Ce0.05Mg0.9Y0.05 and Al0.05Fe0.05La0.17Ni0.73 at four different temperatures, respectively.
(B and D) lllustrate predicted PCT isotherms for these two compositions, respectively. The experimental data is taken from 38 for Ce0.05Mg0.9Y0.05 and from 43

for Al0.05Fe0.05La0.17Ni0.73.

are shown in Figures 9 (B) and (D) respectively. The predicted
shift in the position of the plateau with temperature is aligned
with the experimentally reported values. These predicted PCT
isotherms can be mapped to generate a Van’t Hoff plot, which
leads to the determination of enthalpy and entropy of hydride
formation.

Training MH-PCTpro on a specific alloy family

The correctness of predictions depends crucially on the avail-
able data. To understand how MH-PCTpro performs under
limited data conditions, we conducted an experiment using a
specific family of La-based compositions. The original database
comprised 237 PCT isotherms of 138 compositions, including 59
PCT isotherms of 31 La-based compositions. We trained MH-
PCTpro on the subset of 59 PCT isotherms corresponding to
31 La-based compositions. To evaluate the model’s predictabil-
ity, we employed a Leave-One-Composition-Out (LOCO) strat-
egy. Essentially, we trained MH-PCTpro on 30 of the 31 La-
based compositions and then predicted the isotherms of the
remaining one composition. This process was repeated for all
31 compositions, enabling the evaluation of the model’s accu-
racy on each one individually. Figure 10 represents the examples
from predictions of La-based compositions. The predictions of
the model trained on La-based compositions (green circles),
closely follows the experimental results (black squares), while
the prediction from the general model (blue circles), deviates
more. Importantly, the predictions of hydrogen concentration
are improved mostly in the lower pressure regions. These
improved regions are marked by orange circles to aid an eye.
For all 31 La-based compositions, the predictions are compara-
ble and in 40% cases, surpass those of the generalized model

trained on a larger dataset of 138 compositions. We also evalu-
ated the performance of MH-PCTpro, trained exclusively on La-
based compositions, in predicting isotherms for compositions
doped with unseen lanthanides (Ce and Nd). Figure 11 (A) CeO.
03Mg0.89Ni0.08 and (B) Mg0.6Nd0.07Ni0.33 illustrate improved
results for unseen compositions, the La-based model (green cir-
cles) closely follows or even surpasses the prediction of the
generalized model (blue circles), demonstrating an ability to pre-
dict for other unseen elements of lanthanide series. Hence, by
employing targeted training strategies, we can effectively build
predictive models for specific composition families, even with
limited data availability.

In conclusion, the developed ML model, MH-PCTpro, exhibits
significant promise in predicting PCT isotherms for metal alloys.
The MH-PCTpro is trained on simple and easily calculable fea-
tures incorporating elemental properties, absorption tempera-
ture, and hydrogen pressure. Including hydriding properties of el-
ements as features has notably enhanced the model’s predictive
capabilities. The model has been validated across different alloy
families, spanning a wide range of temperature and pressure
conditions, and has exhibited good agreement with experimental
results. We are listing key features of MH-PCTpro.

MH-PCTpro is trained on 237 PCT isotherms data of 138
compositions comprising more than 25 elements (Al, Ce,
Co, Cr, Cu, Fe, Ga, In, La, Li, Mg, Mn, Mo, Nb, Nd, Ni, Pd,
Si, Sm, Sn, Ta, Ti, V, Y, Zn, and Zr).

The predictions of PCT isotherms for various classes of metal
compositions, encompassing Mg, Li, Al, Si, 3d transition
metals, and lanthanides as constituent elements, align well
with experimental results.
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Limitations of the study
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The MH-PCTpro is capable of predicting the alterations in the
shape of the PCT isotherms resulting from introducing dop-
ants in the host alloy.

It also predicts the temperature-dependent variations in
plateau pressure of compositions. As a result, the predicted
PCT isotherms can be mapped onto a Van’t Hoff plot to deter-
mine the enthalpy and entropy of the hydride formation of an
alloy.

MH-PCTpro exhibits limitations especially for compositions
consist of elements outside the training set (e.g., non-metals
like In and Ga) or PCT isotherms at less-represented temper-
ature regions (400-500K), highlighting the model’s depen-
dency on the availability of labeled data.

We also demonstrated that employing targeted family training
can be a valuable approach for effectively predicting the PCT
isotherms within the family, even for unseen elements, partic-
ularly when data are scarce.

Overall, the MH-PCTpro model effectively predicts the PCT
isotherms of metal alloys and provides valuable thermodynamic
insights. It can be effectively used to curtail the experimental
space for the time consuming PCT experiments. The results ob-
tained from this model are promising and we are taking it ahead
to integrate MH-PCTpro with experimental workflow. This com-
bined approach holds significant potential for accelerating the

H, Content (wt%)

Despite its overall appreciable perfor-
mance, MH-PCTpro has certain limita-
tions. Like any ML model, the accuracy
depends upon the available data for
training the model. A dip in the perfor-
mance is observed for alloys with less representation in the
training set. For example, training data are limited in alloys with
non-metals like In and Ga or predictions in the temperature
range, such as 400-500K, which is correlated with the observed
performance of the model. Another possible front to improve the
performance is the feature set. Features capturing the correct
chemistry/physics associated with target properties are crucial
for the model to excel in predictions. Features or descriptors
are crucial for these models, and there is always room for
improvement compared to existing ones. We will be working
on these two fronts in future.

1.0 1.5

RESOURCE AVAILABILITY

Lead contact
Requests for further information and resources should be directed to and will
be fulfilled by the lead contact, Kavita Joshi (k.joshi@ncl.res.in).

Materials availability
This study did not generate new materials.

Data and code availability
o We have provided a list of DOIs of the papers used to construct the MH-
PCT dataset in Table S6. Due to the bounding terms and conditions of
the project, the processed data used for this work will be available after
two years, that is after the completion of the project (i.e., March 2027).

A [0 Expt @ Allalloys B @ La-based alloys Figure 11. Predicted PCT isotherms of
compositions consisting of unseen lantha-

= | T-573K re T - 598K ..'de .8 nide Ce and Nd
% 10° o ] ° The predictions of the model trained on La-based
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§ O u] Q."ED o e ®e ® effective learning with family-specific data. The
gm-l Oe ° experimental data is taken from ref.35 for (A) and
= ue from ref.48 for (B).
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o All the information related to ML model is available in this paper’s sup-
plemental information. Due to the bounding terms and conditions of the
project, the custom code used for this work will be available after two
years, that is after the completion of the project (i.e., March 2027).

e Any additional information required to reanalyze the data reported in this
work is available from the lead contact upon request. Until the data and
code can be made publicly available, the authors can predict the PCT
isotherms for any composition using the models (if its applicable to
that composition) and make it available upon request.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

PCT isotherms dataset This paper Sl

Software and algorithms

Web PlotDigitizer Rohatgi https://automeris.io/WebPlotDigitize/
scikitlearn python library Pedregosa et al.’ https://scikit-learn.org/

LazyPredict Pandala®’ https://pypi.org/project/lazypredict/

METHOD DETAILS

To train the ML model, an experimental database of metal hydrides and their absorption PCT plots (MH-PCT) is compiled from pub-
lished literature spanning the years 1990-2021. The Web PlotDigitizer is used to extract the requisite data points from the PCT
plots.*® During the extraction process, we interpolated additional points on the curves to increase the density of data points. This
interpolation helped in creating a more comprehensive dataset. For each extracted data point from PCT plots, we referred back
to the original papers to verify the composition and ensure that the reported plots were derived from experimental results. This
step is crucial for maintaining the accuracy and reliability of our database. Notably, the units for variables such as pressure, temper-
ature, and hydrogen weight capacity were inconsistent across different papers. Therefore, we standardized these units across all
data points. The finalized database consists of 138 unique alloy compositions, each accompanied by their corresponding PCT iso-
therms measured at various temperatures. DOls of the papers used to construct the MH-PCT database are provided in Table S6. In
total, MH-PCT database comprises more than 14,000 data points from 237 distinct PCT isotherms. These curves are visualized in
Figure S5A, covering a wide spectrum of absorption temperatures, hydrogen pressure, and hydrogen concentration ranges. The
Figure S5B illustrates occurrence of elements within the database. Notably, the dataset encompasses diverse families of alloys con-
sisting of more than 25 hydriding and non-hydriding elements. However, we do observe the inadequate representation of certain el-
ements, such as Li, Si, In, Ga, Zn, Mo, Pd, Nd, and Sm. Additionally, there are only a few PCT isotherms available in the temperature
range of 400-500K, as depicted in Figure S5C. We have analyzed the models’ predictions for these under-represented elements and
temperature range to gain a better understanding of the model’s performance.

For the development of a predictive model, it is crucial to select features that optimize model’s performance while also being readily
available or easy to compute. The hydrogen storage properties of metal hydrides depend on pressure, temperature, and composi-
tion. In our previous ML framework, HEART,'® we have demonstrated the importance of absorption temperature as a feature for ac-
curate prediction of hydrogen weight capacity of metal alloy. Our work also highlights the significance of features such as metal-
metal, metal-hydrogen interactions along with compositional and elemental properties. To train MH-PCTpro, we expanded the
feature set of HEART, by incorporating the following additional features: (1) hydrogen absorption pressure and (2) elemental hydriding
properties, such as the weighted average enthalpy of hydride formation (En,4) of constituent elements and the volume difference
(A Vol) between the element’s bulk phase and its hydride phase. We obtained the experimentally reported hydriding properties
from the Materials Project.*® The expanded feature set, encompassing twenty-eight distinct features, is presented in Table S3. How-
ever, within this set, several features exhibit multicollinearity with each other, that can adversely impact the model’s performance. The
Pearson correlation coefficients shown in Figure S6 are computed to identify and select features based on their collinearity. The final
set consisting of features with collinearity values below 0.9 is tabulated in Table S3. The model’s learning and predictability for
different feature sets is reported and discussed in the next section.

The scikitlearn python library®' is used to implement ML model. For the rapid screening of various ML algorithms, we employed
LazyPredict®® which automates the process of building and evaluating machine learning models. The results of the top 10 performing
algorithms are listed in Table S4, including their associated error bars. Among all the evaluated algorithms, extra trees regressor (ETR)
a tree-based algorithm demonstrated the lowest error and subsequently selected for model development. GridSearchCV is em-
ployed to find the optimal values of hyper-parameters. The final set of hyper-parameters used for training MH-PCTpro is provided
in Table S5. The dataset is split into 80-20 ratio for the train and validation set. Mean Absolute Error (MAE) and R2 Score, are
used to evaluate the performance of the model.

QUANTIFICATION AND STATISTICAL ANALYSIS

Mean Absolute Error (MAE) and R2 Score, are used to evaluate the performance of the model. Details of all statistical analyses can be
found above in the results and discussion section.
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