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Abstract

Magnetic refrigeration exploits the magnetocaloric effect, which is the entropy change upon the application and
removal of magnetic fields in materials, providing an alternate path for refrigeration other than conventional gas
cycles. While intensive research has uncovered a vast number of magnetic materials that exhibit a large
magnetocaloric effect, these properties remain unknown for a substantial number of compounds. To explore new
functional materials in this unknown space, machine learning is used as a guide for selecting materials that could
exhibit a large magnetocaloric effect. By this approach, HoB, is singled out and synthesized, and its magnetocaloric
properties are evaluated, leading to the experimental discovery of a gigantic magnetic entropy change of 40.1 J
kg~ "K' (035Jcm K" for a field change of 5T in the vicinity of a ferromagnetic second-order phase transition
with a Curie temperature of 15 K. This is the highest value reported so far, to the best of our knowledge, near the

temperature magnetic cooling applications.

hydrogen liquefaction temperature; thus, HoB, is a highly suitable material for hydrogen liquefaction and low-

Introduction

The magnetocaloric effect (MCE) is a promising
approach for environmentally friendly cooling, as it does
not depend on the use of hazardous or greenhouse gases'~
* while being, in principle, able to attain a higher ther-
modynamic cycle efficiency”™°, where this cycle makes
use of the magnetic entropy change (ASy) and the adia-
batic temperature change (A7,4) through the application/
removal of a magnetic field in a material. Since large
values of ASy; are usually achieved near the magnetic
transition temperature (Tag), the working temperature
range is confined around the Tj,,, of the material. The
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MCE was first used to achieve ultralow cryogenic tem-
peratures (below 1K)’ and has been widely used for
liquefying He®, where the main component is the gado-
linjum gallium garnet Gd;GasO1,(GGG)’. The remark-
able discovery of giant MCEs near room temperature in
families of materials such as GdsSi,Ge,'°, La(Fe,Si);5'},
and MnFeP;_,As, shifted the main focus of research into
finding and tuning new materials, such as NiMnln
Heusler alloys'?, working around this temperature range
due to its potential economic and environmental impact?.

On the other hand, there is an increasing demand for
cooling systems around the hydrogen liquefaction tem-
perature (7= 20.3 K), since liquid hydrogen is one of the
candidates for green fuel in the substitution of petroleum-
based fuels'® and is also widely needed as a rocket pro-
pellant and space exploration fuel'*'®, It has been shown
that MCE-based refrigerator prototypes are highly
appropriate for this task®. In this context, the discovery of
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Fig. 1 Diagram for the construction of the machine-learning model for MCE. a As a first step, magnetocaloric relevant papers were screened
from the MagneticMaterials®® database, followed by the extraction of MCE data from these papers and from a previous review’. b Features based on
compositions were extracted by the XenonPy*® python package and used in conjunction with the reported field change values. ¢ Model

optimization was achieved using the HyperOpt package by minimizing the MAE score. d The model performance was evaluated by a comparison of
the predicted ASy values obtained from the constructed model with the reported ones for ~300 unseen materials by the model, where an MAE of

materials exhibiting a remarkable MCE response near the
liquefaction temperature of hydrogen is highly
anticipated.

One way of tackling this problem is by taking advantage
of data-driven approaches, such as machine learning
(ML), as it has been successfully applied to cases ranging
from the modeling of new superconductors'®!” and
thermoelectric materials'®"® to the prediction of the
synthesizability of inorganic materials®®. In the case of
magnetism and magnetic materials, this approach has
been successfully applied to the prediction of the Curie
temperature (7¢) of ferromagnetsm’22 and to the design of
new permanent magnet523'24, and new magnetic Heusler-
type alloys®. However, for MCE materials, this kind of
approach has not been extensively tried, being limited to
first-principles calculations, which have been restricted to
non-rare-earth systems%.

As a result of extensive research on magnetocaloric
materials, accumulated data regarding the MCE proper-
ties of diverse types of materials have been made acces-
sible in, e.g., recent reviews>*’. In addition, recent efforts
to extract the T, of materials from research reports
have led to the creation of MagneticMaterials®, an
autogenerated database of magnetic materials built by
natural language processing that contains a vast number
of materials whose magnetic properties are known.
Among these materials, there are still many regarding
which their MCE properties have not been evaluated.
Therefore, by combining the known and unknown data, a
data-driven trial can be used as a guide to find materials
with a high MCE response.

In this work, we attempt a novel approach by using ML
to screen and select compounds that might exhibit a high
MCE performance, focusing on ferromagnetic materials
with a T¢ of ~20 K. For this purpose, we collected data

from the literature®*® to train an ML algorithm in an

attempt to predict the ASy; of a given material composi-
tion. By this method, we singled out HoB, (T¢c =15 K*%)
as a possible candidate, leading us to the experimental
discovery of a gigantic MCE of | ASy | =40.1Tkg " K™*
(0.35]cm 3K ™Y) for a field change of 5 T in this material.

Materials and methods
Data acquisition and machine-learning model building
Figure 1 shows a schematic flow exhibiting the con-
struction of the machine-learned model for MCE materi-
als. We started with the screening of magnetocaloric
relevant papers from the MagneticMaterials*® database
and gathered the reported MCE properties from a total of
219 different journal titles contained therein, mostly
focusing on the reported peak values of | ASy | for a given
field change (uoAH) of a given material composition,
combining these data with the data available in a recent
review” by Franco et. al. To remove any possible duplicates
in the final dataset, the materials that contained more than
one value of | ASy | for a given ypAH had their values
averaged, and this average was used as the final value. Last,
we selected the data within the range of y,AH<5 for
compatibility with our experimental setup, obtaining 1644
data points that were used for the model construction.
To predict the MCE property, namely, |ASy |, of a
material given its chemical formula, we used three dif-
ferent types of features in the final feature vector (Table
1). The first type is the composite-type features that were
extracted using the XenonPy® python package. These
composite features were obtained by combining all 58
element-level properties of the atomic species contained
in a chemical composition, such as the atomic mass of the
constituent elements, density, etc., which are readily
available inside the XenonPy package (their complete list
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Table 1
construction of the final feature vector.
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Dimension size of each feature vector used in the construction of the machine-learning model for the

Feature type

Dimension

Composite features (the combination of elemental-based properties of the atomic species contained in the chemical formula by the 343

featurizers)

Counting feature (@amount of each atomic species contained in the chemical formula) 64

Experimental values of field change

is given in Supplementary Information Section 1). To
generate these composite features, seven different fea-
turizers implemented in XenonPy were used: weighted
average, weighted sum, weighted variance, geometric
mean, harmonic mean, max pooling and min pooling
(their mathematical definitions are given in Supplemen-
tary Information Section 1), with a total of 406 composite
features being obtained. The second type is the amount of
each atomic species present in each compound chemical
formula, restricted to the elements between 'H and **Pu,
which is also readily implemented in XenonPy using the
counting featurizer. The last feature used is the experi-
mental applied field change, which is obtained directly
from the experimental reports. After generating the fea-
tures with XenonPy (composite features + counting fea-
turizer), yielding a total of 500 features, we removed the
features of which all values were zero, infinite or divided
by zero (not a number, NaNs), ending with 343 composite
features, 64 counting features and AH, totaling 408 fea-
tures in the final feature vector. We summarize them in
the Table 1 and show all the features used in Supple-
mentary Information Section 1.

After the extracted features were combined with the
reported values of | ASy |, a gradient boosted tree algo-
rithm implemented in the XGBoost® package was trained
over 80% of the total data. To further improve the predic-
tion power, model selection and hyperparameter tuning
were performed by using a Bayesian optimization technique
implemented in the HyperOpt®>* package by minimizing the
mean absolute error (MAE) tenfold cross-validation score.
The resulting model achieved an MAE of 1.8Jkg ' K™
when tested on the remaining 20% of the data. For more
details of the hyperparameters used, model building and
performance comparison with other machine-learning
algorithms, refer to Supplementary Information Section 2.

After the model construction, we examined 818
unknown AS); text-mined compositions with 7T¢ <150 K
contained in the MagneticMaterials®® database using the
following criteria: the predicted value of | ASy; | is higher
than 15Jkg™' K™', alloys only, the chemical composition
contains heavier rare earth elements (Gd-Er), and no toxic
elements, such as arsenic, are present. As a result, HoB,
(AlB, type, space group P6/mmm) was selected, as it had

the highest predicted | ASy, | (16.3]kg ' K™") for a field
change of 5 T among the binary candidates, followed by its
synthesis and the characterization of its MCE properties.

Sample synthesis

Polycrystalline samples of HoB, were synthesized by an
arc-melting process in a water-cooled copper heath arc
furnace. Stoichiometric amounts of Ho (99.9% purity) and
B (99.5% purity) were arc melted under an Ar atmosphere.
To ensure homogeneity, the sample was flipped and
melted several times, followed by annealing in an evac-
uated quartz tube at 1000°C for 24 hours and water
quenching. X-ray diffraction was carried out, and HoB,
was confirmed as the main phase structure (see Supple-
mentary Information Section 3).

Magnetic measurements

Magnetic measurements were carried out by a super-
conducting quantum interference device (SQUID) mag-
netometer contained in the MPMS XL (Magnetic
Property Measurement System, Quantum Design).

Specific heat measurement

Specific heat measurement was carried out in a PPMS
(Physical Property Measurement System, Quantum
Design) equipped with a heat capacity option.

Results

Figure 2a shows the isofield magnetization (M-T) curve
of the synthesized polycrystalline HoB, for an applied
field of 0.01 T. HoB, orders ferromagnetically at Tc =
15 K without thermal hysteresis, consistent with a pre-
vious report®’, and the isothermal magnetization (M—H)
at T=5K, shown in Fig. 2b, reveals a negligible magnetic
hysteresis. A vast number of M-T curves for fields ran-
ging from 0-5T were measured (Fig. 2c) to evaluate |
ASy | (Fig. 2d) using the Maxwell relation:

H oM
= [ (24) an 1
M MOO aT - ()

For a field change of 5T, we obtained | ASy; | =40.1]
kg™ ' K! in the vicinity of Tc.
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Fig. 2 Magnetization measurements for HoB,. a Zero-field cooling (ZFC) and field cooling (FC) M-T curves for an applied field of tioH=0.01T. b
M-H curve at T=5, 13, 17 K. Inset: Lower field range (T=5K). ¢ M-T curves for a wide range of different applied fields. d Magnetic entropy change
calculated from the M-T curves shown in ¢ using Eq. (1). For a field change of 5T, | ASy | peaks at 40.1J kg*1 K= for T~15K.
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Fig. 3 Calorimetric properties of HoB,. a Zero-field-specific heat of HoB,. b Entropy as a function of temperature obtained from the zero-field-
specific heat measurement. Entropy curves under magnetic fields are obtained by combining the entropy curve at 0T with the | ASy | values of Fig.

\.

2d. The inset shows the definitions of AS and AT,q. € AT,q calculated from b.

For further evaluation of the MCE performance of
HoB,, a specific heat measurement was carried out, as
shown in Fig. 3a, revealing the presence of two peaks:
one in a lower temperature regime (=11K) and a
second at Tc = 15 K. The first peak, which can also be
seen in the | ASy | curves (Fig. 2c), is probably due to
a spin-reorientation transition similar to that
observed in the related compound DyB233, but at this
stage, we keep its physical origin an open question to
be clarified in a future work. To obtain the entropy
curves S(T) at different applied fields (Fig. 3b), the
zero-field entropy curve [S(uoH =0T, T)] was first
calculated using the data from Fig. 3a through the

following equation:

T
S(T) = /%dT

Tnin

(2)

where T, = 1.8K, and the | ASy; | values obtained from
the magnetization measurements were added to the zero-
field entropy curve (shown as the black dots in Fig. 3b).
For more details about this method, see Supplementary
Information Section 4. The adiabatic temperature change,
AT,y defined as AT [T, uoAH = po(Hr—Ho)] = TS,
uoHr 2 0) — Ti(S;, uoHo=0T), was obtained from Fig. 3b
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Fig. 4 Analyses regarding the order of the magnetic transition in HoB,. a Arrott plots obtained from the M-T curves shown in Fig. 2c. b
Normalized entropy curve as a function of the reduced temperature 6. All curves collapse perfectly into each other, indicating a possible SOPT for the

by first interpolating the entropy curves with the applied
field, followed by taking the adiabatic difference with
respect to the zero-field entropy curve (see inset of Fig.
3b). The maximum obtained AT,q4, shown in Fig. 3c, was
12K for a field change of 5T.

To further understand the ferromagnetic transition at
Tc=15K, Arrott plots were constructed (Fig. 4a),
showing that all the plot slopes are positive. According to
the Banerjee criterion®?, this behavior is characteristic of a
second-order phase transition (SOPT). Furthermore, a so-
called universal scaling curve (Fig. 4b) proposed by earlier
works®>™%, which depicts the normalized entropy
change | ASy; | /| AS\P®™ | as a function of a normalized
temperature 6, was built, where 6 is defined as:

Tc—T
P T, —Tc’ T S TC
- T—Tc
T,—Tc’ T>TC

where T,; and T, are reference temperatures, for which |
ASp | /| ASyPe™ | = 0.5. For the SOPT, these curves are
expected to collapse into each other, exhibiting a
universal behavior, while for first-order transitions
(FOPTs), a nonuniversal and dispersive behavior between
the curves appears.

In the obtained normalized entropy curves (Fig. 4b), the
former behavior is observed as all the normalized entropy
curves collapse into each other. Although a divergence at
0= -1 is observed, it can be associated with the presence
of the second magnetic transition at lower temperatures,
similarly observed for materials that exhibit more than
one magnetic transition®>*°, The absence of magnetic and
thermal hysteresis coupled with the observation of a
universal entropy curve suggests that the transition at 7¢
= 15K is of second order. All the above analyses are also
in accordance with a second-order transition for the low-
temperature transition (~11K), but further experiments

are required to conclude the nature and origin of this
transition.

Discussion

To compare the performance of HoB, with that of other
candidates for refrigeration applications near the hydro-
gen liquefaction temperature, such as ErAl,’, repre-
sentative large | ASy; | (for poAH = 5 T) materials at ~T =
20K are displayed in Table 2. We also show the values
of | ASy | in units of Jecm ™K™', which is the ideal unit
from the application point of view®>.

Except for single-crystalline ErCo,, which exhibits an
FOPT, HoB, manifests the largest|ASy|(in both ]
l(g’1 K and Jem™K ™) and AT,y for a field change of
5T around the hydrogen liquefaction temperature.
Among materials whose | ASy; | value peaks around their
SOPT, it also exhibits the largest volumetric entropy
change (JASy |in Jem™K™) in the temperature range
from liquid helium (4.2 K) to liquid nitrogen (77 K). For a
more comprehensive comparison of materials between
liquid helium and liquid nitrogen range, see Supplemen-
tary Information Section 5.

It is important to recall that this gigantic magnetoca-
loric effect is observed in the vicinity of an SOPT at T =
15 K. SOPT materials have the advantage of being free of
magnetic and thermal hysteresis while having broader
ASy peaks. Thus, they are likely to be more suitable for
refrigeration purposes than FOPT materials, which tends
to be plagued by these problems"*. In other words, HoB,
is a high-performance candidate material for low-
temperature magnetic refrigeration applications such as
hydrogen liquefaction.

Conclusions
In summary, by using a machine-learning aided
approach, we have successfully unveiled a ferromagnet
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Table 2 Comparison of MCE-related properties in HoB, and other materials exhibiting large magnetocaloric response
around the liquefaction temperature of hydrogen for a field change of 5T.

Materials Trmag (K) [ASm]| U kg KT [ASp | U em=K™) AT,q (K) Transition type References
HoB, 15 40.1 035 12 SOPT This work
EuS 182 37 0.21 104 SOPT 2

ErAl, 14 36 0.22 1.1 SOPT a3

ErCo, 30 36 037 95 FOPT “

TmGa 15 342 030 9.1 SOPT +

HoAl, 27 2838 017 * SOPT 46
GdCoC, 15 284 0.23 * SOPT v

HoN 18 282 0.29 * SOPT i

HoNi, 139 26.1 027 87 SOPT *

ErFeSi 22 235 0.18 7.1 SOPT 0

The data was taken from the refs. *>>* in Jkg™ K™ and also converted into Jcm™=K™' by using the ideal density according to the AtomWork®' database. Asterisk (*)

indicates an unreported value.

that will manifest a high magnetocaloric performance
with a transition temperature around the hydrogen
liquefaction temperature. By synthesizing and evaluating
its MCE properties, we discovered a gigantic magneto-
caloric effect of HoB, in the vicinity of an SOPT at T =
15K, where the maximum obtained magnetocaloric
entropy change was 40.1Jkg ' K™ (0.35J cm > K™') with
an adiabatic temperature change of 12 K for a field change
of 5T, the highest value reported until now, to the best of
our knowledge, for materials working near the liquefac-
tion temperature of hydrogen.
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