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Keywords: The enthalpy of mixing in the liquid phase is an important property for predicting phase formation in alloys.
Mixing enthalpy In multicomponent metallic liquids, it can be estimated from the binary interactions using a geometrical
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model, but data are available in less than a third of the binary systems. The prediction of this property
in binary liquids is therefore important, and machine learning has recently achieved the highest accuracy.
Further improvements requires acquiring high-quality data in liquids where models are poorly constrained.
In this study, we propose an active learning approach to identify in which liquids additional data are most
needed to improve an initial dataset that covers over 400 binary liquids. We identify a critical need for
new data on liquids containing refractory elements, which we address by performing ab initio molecular
dynamics simulations for 29 equimolar alloys of Ir, Os, Re and W. This enables more accurate predictions
of the enthalpy of mixing, and we discuss the trends obtained for refractory elements of period 6. We use
clustering analysis to interpret the results of active learning and to explore how our features can be linked to
Miedema’s semi-empirical theory.

1. Introduction

The enthalpy of mixing in the liquid phase is a property of fun-
damental importance for materials development. Its knowledge is es-
sential for predicting the melting temperature range of alloys using
Calphad [1] or machine learning [2] models, which is important for
the design of a variety of alloys, such as solders [3], cast alloys [4], or
phase change materials for thermal energy storage [5]. This property
also reflects the affinity between elements and serves as input in a
variety of empirical and machine learning models, such as those used
for the design of metallic glasses [6], the synthesis of high-entropy alloy
nanoparticles [7], or the prediction of phase formation and mechanical
properties in superalloys [8] or high entropy alloys [9-11].

In metallic liquids, the determination of the enthalpy of mixing in
binary systems is the primary task, because reasonable extrapolations
can be obtained in multicomponent liquids from the pairwise interac-
tions [12]. However, based on an extensive literature review [12], we
estimate that measurements are only available in one in five binary
systems, and in about one in two binary systems for the most studied
elements such as copper or tin. Therefore, predicting the enthalpy
of mixing in binary liquids remains highly important. To this day,
Miedema’s semi-empirical model [13] has been regarded as the most

reliable for this task. In a recent study, we developed a machine
learning model that gives more accurate estimates at the cost of a
lower interpretability [12]. This model was trained on data collected in
375 binary systems from Calphad assessments, at compositions where
direct or indirect measurements are available. While this represents
an unprecedented amount of critically evaluated data, it covers only
17% of the 2145 binary systems formed from the 66 elements in the
dataset where the enthalpy of mixing is often only known in a limited
range of composition. Besides, some elements, such as the low melting
point metals, are well represented in the dataset, while others, like
refractory or volatile elements, are underrepresented due to the diffi-
culty of obtaining experimental data. In systems where the enthalpy
of mixing is partially known, accurate prediction may still be achieved
using machine learning [14]. However, in systems where no data are
available, the extrapolation performance of the machine learning model
proposed in Ref. [12], as well as those being developed in subsequent
studies [15,16], is therefore limited by the comprehensiveness and
diversity of the training data. Reliable enthalpy of mixing data can
be obtained by experimental methods such as calorimetry [17], or as
we will demonstrate by ab initio molecular dynamics (AIMD), but in
both cases this requires significant time and expertise. This raises a
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question of general importance: in which systems and compositions is
new data on the enthalpy of mixing in the liquid phase needed the most
for improving our understanding of this property? The answer is not
simple, since previous attempts to predict liquidus [2] and enthalpies of
mixing [12] have shown that accurate predictions can be achieved from
limited data for some elements, such as rare earths, while for others,
like aluminum, they remain challenging even with extensive data.

In this study, we propose an active learning strategy for selecting
binary liquids for AIMD simulations, with the aim of efficiently im-
proving the accuracy of machine learning predictions of the enthalpy
of mixing. The layout of this article is as follows. In Section 2, we
first presents our active learning strategy. Second, we report AIMD
simulations results obtained for liquids of refractory metals. Third,
we demonstrate the resulting improvements of our machine learning
model. Fourth, we discuss the trends in the enthalpy of mixing for
refractory elements. Last, we discuss a potential link between our
features and Miedema’s empirical parameters. Section 3 summarizes
the key findings of this work, discusses the limitations of our model,
and outlines future research directions. Finally, Section 4 describes
algorithms implementation and machine learning methods, as well as
the protocol used for AIMD simulations.

2. Results
2.1. Identification of knowledge gaps using active learning and clustering

Using our initial dataset, we evaluated different strategies for iden-
tifying in which binary liquids the acquisition of new enthalpy of
mixing data would be most informative: data acquisition in equimolar
liquids selected at random, which serves as a benchmark, Gaussian
process-based active learning, and regression tree-based active learning
as proposed in Ref. [18]. Gaussian process-based active learning using
10 features selected by recursive feature elimination gave the best
results, as detailed in Supplementary Notes 1 and 2. The 10 features are
obtained from the composition and the properties of the pure elements:
the composition-weighted average deviation between their group (1),
heat capacity in the liquid at the melting point (2), heat capacity of
melting (3), first ionization energy (4), enthalpy of melting (5), entropy
of melting (6), and density (7), and the composition-weighted average
of their group (8), heat capacity in the liquid at the melting point (9),
and entropy of melting (10).

Fig. 1 shows the maximum variance of the Gaussian process, trained
on the initial dataset, across 2415 binaries systems generated by 70
elements. Larger squares indicate a high uncertainty, and thus, that
new data are needed. To better understand how model uncertainty
varies between systems, we coupled our approach with clustering. We
used K-means clustering to classify the binary systems into an optimal
number of 6 groups, represented by the different colors in Fig. 1, based
on the position of the equimolar liquid in the 10-dimensional feature
space of the Gaussian process model. As a first observation, binary
liquids containing carbon form a cluster of their own (purple). This
can be understood by the fact that carbon has an enthalpy of melting
at least twice as high as any of the 69 other elements considered,
with a value of 117.3 kJ/mol taken from the SGTE database [19]
that is close to that of the most recent thermodynamic assessment of
carbon [20], in addition to having the highest first ionization energy.
Liquids containing other refractory elements, such as Re, Ir, W and
Os, form another cluster (blue) and are expected to show similarities.
Liquids between two elements of groups 10 to 16 (yellow) or 1 to 9
(orange) form two distinct clusters, and those between elements of two
very different groups are divided into the remaining two clusters (red
and green). It is noted that using a Gaussian Mixture Model instead of
K-means can lead to differences in the six clusters (Adjusted Rand Index
= 0.43), but the overall picture remains the same.

It becomes clearer that the most uncertain binary systems belong
to particular clusters. In liquids between two elements of similar group
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(yellow and orange clusters), the uncertainty of the model is relatively
low, because 19% of the compositions are covered in the dataset, and
the enthalpy of mixing tend to be of low amplitude [12]. In liquids
between two elements of very different groups (red and green clusters),
despite also having 18% of the possible compositions covered in the
dataset, the variance is relatively high, because they tend to form
complex liquids with strong short-range order and very exothermic
and asymmetric ‘V-shaped’ enthalpies of mixing, such as in the Bi-Li
system [21]. The uncertainty of the model is the highest in liquids
containing refractory elements (purple and blue clusters). The maxi-
mum variance in these systems is typically of 70 kJ/mol, however, this
value should be considered a relative rather than an absolute measure
of uncertainty. This can be attributed to a significant lack of data, as
only 2% of the possible composition are covered in the dataset. Indeed,
only the C-Ni liquid where the enthalpy of mixing is known in the Ni-
rich side [22] is included in our dataset for the carbon cluster, and
only 7 binaries are included for the cluster formed by other refractory
elements. Therefore, there is a critical need for new data on the liquids
formed by refractory elements to capture the trends in their enthalpy
of mixing. Although binaries containing C are the most uncertain ones,
we have excluded them from our data acquisition plan. This choice is
explained later in Section 3.

2.2. Data acquisition using ab initio molecular dynamics

In line with our active learning strategy, we focused on obtaining
new data in binary liquids between refractory elements. We directed
our efforts towards liquids containing W, Os, Ir and Re, given that the
uncertainty of the Gaussian process model was particularly high for
these elements. Their high melting points make experimental investi-
gations extremely challenging, which explain the scarcity of data in
these systems. Therefore, a numerical approach is needed. Ab initio
molecular dynamics is the most appropriate simulation technique for
accurately calculating the enthalpy of mixing in the liquid phase. It
requires large computational resources, but as it will be discussed
further, it can provide high quality data in reasonable agreement with
experiments.

In order to calculate the enthalpy of mixing in a liquid, three
simulations are required: two for the pure elements (HEure and H gu'e)
and one for the alloy (Hyjqys):

AHix = alloys — (xAngre + xBngre) @

To circumvent issues related to nucleation, we carefully chose a
temperature just above the melting point of the more refractory ele-
ment of the two, thereby keeping our samples in a liquid phase. Details
of our calculations are given in Section 4.2. Table 1 shows all the
calculated data obtained for equimolar binary liquids.

2.3. Improved prediction of the enthalpy of mixing in binary liquids

We have improved the dataset from Ref. [12] that now includes
data on 433 binary liquids, 29 of which are obtained using active
learning and AIMD in liquids of refractory elements. On this basis,
we update our machine learning model to predict the enthalpy of
mixing in binary liquids. We use the same methods as in Ref. [12]:
the enthalpy of mixing is obtained indirectly by predicting the error
of Miedema’s model [13] using a LightGBM algorithm. The model is
trained on 30 features derived from pure element properties, as detailed
in Supplementary Note 1.2. This set of features was selected using
Recursive Feature Elimination to minimize the model’s RMSE on the
improved dataset. The 10 features selected for active learning, before
adding data on liquids with refractory metals, are still included in this
set. Although interpretation is challenging, the most important feature
is the composition-weighted average heat capacity of the elements
in the liquid phase, which seems to be correlated with an empirical
parameter in Miedema’s model, as discussed in Section 2.5.
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Fig. 1. Map of binary liquids with elements sorted from group 1 to 16. The size of the square represents the maximum variance in the enthalpy of mixing
prediction generated by our Gaussian process model in the system, and its color the cluster to which the system belongs.

Model performance is evaluated across the whole dataset using
nested cross-validation, in binary systems from which all data was
withheld during training and tuning. A root mean squared error (RMSE)
of 4.9 kJ/mol is obtained, compared to 7.3 kJ/mol with Miedema’s
model. These metrics are not directly comparable to those in Ref. [12]
because they are evaluated on different datasets.

In Miedema’s model [13], binary liquids are classified into 3 groups:
alloys of two transition metals, two non-transition metals, or one
transition metal and one non-transition metal, with Zn, Cd and Hg
treated as non-transition metals. It is interesting to see how our model
performs for each of the 3 groups. The transition metal/transition metal
group gives the best performance, with an RMSE of 4.2 kJ/mol, while
a higher value of 5.2 kJ/mol is obtained in both the other groups. A
map of the groups is given in Supplementary Note 3 (Figure 5) to aid
understanding.

We now focus on the test performance of our model on our 29 AIMD
data points from liquids containing Ir, Os, Re and W. This performance
is compared to that of a reference model evaluated using the same
nested-cross validation procedure, but trained without access to our
AIMD data. The global RMSE on AIMD data decreased from 12.8 to
9.5 kJ/mol when AIMD data not used for testing were included in the
training set. For a more detailed analysis, the list of RMSE by refractory
element is given here:

» Os: RMSE significantly decreased from 12.0 (reference model,
before AIMD) to 6.7 (final model, after AIMD)

 Ir: RMSE slightly decreased from 11.4 (before AIMD) to 10.9
(after AIMD)

* Re: RMSE decreased from 15.2 (before AIMD) to 12.0 (after
AIMD)

» W: RMSE significantly decreased from 13.1 (before AIMD) to 7.0
(after AIMD)

These results suggest that our strategy has improved prediction accu-
racy for refractory liquids, particularly for elements such as Os, Re, and
W. The improvement is less evident for Ir. AIMD data are highlighted
in the parity plot Fig. 2. The results show that performance on these
data is consistent to that on the rest of the dataset, except for the
Re-Zr, Os-Zr, and W-Zr systems, for which model predictions tend
to be more exothermic than AIMD calculations. Conversely, the Ir-Si,
Ir-Sc, Ir-Ti, and Ir-Al systems are predicted to be less exothermic than
their AIMD-calculated values. These discrepancies suggest potential
systematic biases in the model, particularly for Zr-containing refractory
systems and Ir-based alloys.

The addition of new data has enabled our model to correct pre-
dictions that were in general too exothermic in liquids containing
refractory elements. Fig. 3 illustrates this effect with the probability
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Fig. 2. Test performance of our LightGBM machine learning model against enthalpy of mixing data obtained by AIMD (red) or derived from experiments (blue).
For clarity, only the data at which the enthalpy of mixing reaches its extremum value is shown for each of the 433 binary system included in the dataset. The
black solid line represents a perfect agreement between predictions and observations. 95 percent of the predictions fall within the green dashed lines, which are

the 0.025 and 0.975 quantiles.

Table 1

Mixing enthalpies obtained by AIMD in equimolar liquids containing Ir, Os,
Re and W. “Immiscible” refers to binary systems for which we observed phase
separation. N/A represent system for which calculations were not made.

Ir alloys Os alloys

System AH;, (kJ/mol) System AH;, (kJ/mol)
Ir-As —-18.89 Os-As N/A

Ir-Al -70.40 Os-Al -30.31
Ir-Ca —42.20 Os-Ca Immiscible
Ir-Mg -33.99 Os-Mg Immiscible
Ir-Mo -28.61 Os-Mo -14.64
Ir-Sc —86.65 Os-Sc -42.71
Ir-Si -64.06 Os-Si —34.65
Ir-Ti -79.87 Os-Ti —46.22
Ir-v —48.92 Os-V —29.72
Ir-Zr —84.22 Os-Zr —42.73

Re alloys W alloys

System AH;, (kJ/mol) System AH;, (kJ/mol)
Re-As N/A W-As N/A
Re-Al -8.88 W-Al -3.00
Re-Ca Immiscible W-Ca Immiscible
Re-Mg Immiscible W-Mg Immiscible
Re-Mo Immiscible W-Mo 1.88
Re-Sc -12.77 W-Sc Immiscible
Re-Si -15.13 W-Si -15.43
Re-Ti -18.55 W-Ti —-3.88
Re-V —-16.64 w-v -0.82
Re-Zr -11.10 W-Zr 1.71

density of the extremum value of the enthalpy of mixing over Ir, Os,
Re, and W equimolar liquids, where we can see a shift of the data

toward less negative values, which is in average of +3.7 kJ/mol. This
shift seems a little more pronounced for highly exothermic alloys. This
correction can explain why our prediction in test conditions for Ir alloys
are a little further away than their reference values.

2.4. Trends in the enthalpy of mixing for refractory elements

To understand the general trends predicted by our model for the
refractory elements of period 6, Fig. 4 show the extremum value of
the enthalpy of mixing in binary liquids composed of W, Re, Os, or Ir
and a second element from periods 3, 4, and 5. In general, interactions
become more attractive (or less repulsive) as the atomic number of the
refractory element increases from W to Ir. This is consistent with our
AIMD calculations that are highlighted by black circles on the figure.
Interactions with alkali metals, and to a lesser extent alkaline earth met-
als, are strongly repulsive. This is consistent with the observations of
large miscibility gaps in these systems. According to Miedema’s theory,
this can be explained by their similar electronegativity, but very dif-
ferent electron densities, compared to refractory elements. Interactions
are very attractive with early transition metals of group 3 to 5, and the
enthalpy of mixing becomes progressively less exothermic as the group
number increases across the transition metal series, sometimes even
endothermic with noble metals, until a plateau is reached with elements
of group 13 and above. This is again consistent with phase diagram
observations, such as the formation of compounds and solid solutions
in the Ir-Ti system [23], as opposed with the absence of miscibility
in alloys between noble metals and W [24]. Fig. 4 demonstrate the
relevance of our data acquisition strategy, as the new AIMD data were
acquired in systems where the enthalpy of mixing reaches its most
exothermic values.
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Fig. 3. Probability density of the extremum mixing enthalpy in equimolar binary liquids containing Ir, Os, Re, and W, computed using kernel density estimation
(KDE) from the machine learning predictions before (orange) and after (green) including AIMD results.
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Fig. 4. Extremum value of enthalpy of mixing in binary liquids between W (purple), Re (green), Os (blue), or Ir (red) as a function of the second element from
periods 3, 4, and 5 sorted by atomic number. Black points represent the systems in which AIMD calculations were made. A blue background represents the liquids
between a transition metals with a non-transition metals, whereas a green background represents the liquids between two transition metals.

2.5. Heat capacity and column importance in the framework of Miedema
theory

As discussed in Section 2.3, in Miedema’s model classifies binary
liquids into three groups based on whether the elements are transition
metals. Predictions are obtained from two empirical parameters, Q
and P, with P equals to 14.2 for alloys of two transition metals, 10.7
for alloys of two non-transition metals, and 12.35 otherwise, while
Q is defined as O = 9.4 x P. We found that we could accurately
reproduce these three groups of Miedema’s model by applying K-means
clustering to two important features of our model: the mean heat
capacity calculated for both elements in the liquid at the melting point,
and their mean entropy calculated in the same manner. Indeed, 79% of
the binary liquids fall into clusters that match Miedema’s three groups,
as shown in Suppl. Note 3 (Fig. S5). Very similar results are obtained
with a Gaussian Mixture Model, with an Adjusted Rand Index of 0.86
between the two clusterings. It appears from Fig. 5 that P is roughly
equal to three times the mean heat capacity between elements, while Q
is roughly equal to 0.8 times the mean entropy. This result suggests that
these parameters could be replaced in Miedema’s model by quantities
related to the heat capacity and entropy of liquids, which is a potential
direction for improvement.

3. Discussion

We implemented an active learning strategy that enabled us to
identify in which systems data collection was most relevant for pre-
dicting the enthalpy of mixing in the liquid phase. Binary liquids
containing refractory metals proved to be the among systems with the
highest prediction uncertainty. For these reasons, we focused on W-
, Re-, Ir- and Os-based alloys. Data acquisition for 29 systems was
then carried out by AIMD calculations. These simulation results have
been added to the dataset which is based on experimental measure-
ments, raising the question of the consistency between the two data
sources. To address this question, we reviewed the literature for liquids
with both AIMD and experimental data available. We only found 5
binary systems (Al-Si [25], Al-Ti [26], Ni-Ti [27], Al-Fe [28] and
Mg-Si [29]), as there are only a few studies where AIMD simulations
are used specifically to calculate the enthalpy of mixing due to the
large computational resources required. Across this limited number
of cases, we find that the data obtained by AIMD remain relatively
close to the experiments, with a mean absolute error of 3.6 kJ/mol,
disregarding temperature differences. This reasonable agreement was
obtained using GGA functionals, such as the PBE functional used in this
work which may slightly underestimate densities for metallic systems.
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Fig. 5. Histograms of (a) the mean heat capacity between elements just above their melting point divided by the P parameter of Miedema’s model, and (b) the
mean entropy between element just above their melting point divided by the Q parameter of Miedema’s model for (left) liquids between two transition metals,
(middle) liquids between a transition metal and a non-transition metal, and (right) liquids between two non-transition metals.

While more accurate functionals (meta-GGA or hybrid) exist, the com-
putational cost for the 29 refractory systems studied would have been
prohibitive and inconsistent with the study’s aim of improving a dataset
under a limited budget by using active learning and making reasonable
compromises between data quality and quantity. A perspective of this
work would be to compare different functionals and further validate
the approach on pure elements with respect to experiments, as done
in [30]. Our AIMD calculations allowed us to refine the predictions of
our machine learning model for refractory alloys, which were in general
too exothermic. Close attention to the interpretation of our model using
clustering, trend, and feature analyses further support the validity of
our approach.

The enthalpy of mixing in the liquid is known to decrease in
absolute value when the temperature increase [31]. A limitation of our
model is that it is trained on data obtained a different temperature,
but does not account for this dependence. Most of our data are based
on experiments that are usually carried out close to the liquidus in
the system, and below 2000K. Our AIMD data were obtained at par-
ticularly high temperatures, as calculations were performed above the
experimental melting point of the most refractory element so that it
can be used as a reference in the liquid state. We initially conducted
calculations on C-based liquids where prediction uncertainty is the
highest. However, simulations had to be performed above the high
melting temperature of C to avoid nucleation, and the enthalpy of
mixing values we obtained turned out to be zero almost systemati-
cally, which may not be the case at lower temperatures. Besides, a
liquid phase can only be obtained at high pressures, making the pV
term significant. Addressing this effect was beyond the scope of the
present study, and simulations on carbon-based liquids were therefore
not pursued further. An important, but challenging perspective to this
work is to take into account the temperature at which experiments
or simulations were made to refine the predictions. At present, our
knowledge of the temperature dependence of the enthalpy of mixing
remains limited, as data are scarce and only available at relatively low
temperatures [12].

Our model can predict an asymmetry in the enthalpy of mixing with
respect to composition, unlike Miedema’s model, but with an accuracy

that remains limited [12]. This asymmetry generally originates from
short-range local ordering. Several studies have demonstrated the abil-
ity of AIMD simulations to accurately capture such local interactions
[27,32]. However, we could not improve the model on this aspect,
which appears challenging due to the large number of simulations
required to account for these effects. A possible alternative would be to
identify a relatively robust and widely available feature across binary
systems that could capture short-range interaction effects.

4. Methods
4.1. Data collection

In our previous work [33], we collected data on the enthalpy of
mixing in 375 binary liquids from Calphad assessments at composi-
tions where the models are supported by experiments. In this study,
we expanded this dataset with data supported by direct calorimetric
measurements found in 29 new binary liquids [34-53].

4.1.1. Machine learning

For clustering, we used the kmeans algorithm implemented in scikit-
learn [54]. In order to obtain the optimal number of groups K, we
used the elbow method with the silhouette method as detailed in
Supplementary Note 3. For active learning, we used the random forest
algorithm implemented in scikit learn [54], and the Gaussian process
algorithm implemented in Physbo [55]. Feature selection was made us-
ing recursive feature elimination as detailed in Supplementary Note 1.
For the final prediction model, we used the LightGBM algorithm [56].
The procedure is the as described in our previous work [12] and is
only briefly summarized here. It is based on a nested cross-validation
(CV) in which data on a binary system form a group that cannot be
split between the training, validation and test sets. In the inner loop,
a 11-fold CV is performed where feature are selected from a recursive
feature elimination, and hyperparameters are tuned using Optuna [57],
as detailled in Supplementary Note 4. In the outer loop, a 12-fold CV
is performed to evaluate model performance on the whole dataset.
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4.2. Ab Initio molecular dynamics

Ab Initio Molecular Dynamics simulations were performed using the
code Vienna Ab Initio Simulation Package (VASP) [58] by considering
constant numbers of atoms N, volume V, and temperature T (NVT),
namely the canonical ensemble [59,60]. The dynamics were carried
out by numerically solving Newton’s equations of motion using the
velocity form of the Verlet algorithm, with a timestep of 3 fs. The elec-
tronic system was treated with electron—ion interactions represented by
the projector augmented wave (PAW) potentials [61,62]. Correlation
effects were taken into account with the Generalized Gradient Approx-
imation (GGA) [63] in the Perdew, Burke, and Ernzerhof (PBE) [64]
formulation. The plane-wave expansion utilized a cutoff energy of 400
eV. This choice was made so as to be sufficiently broad to maintain
homogeneity throughout the simulations. Due to the large supercells
and the liquid state, Brillouin zone sampling was restricted to the I
point. Additional technical informations for the simulations are given
in Supplementary Note 5 (Table 2).

The total number of atoms is 100 for all simulations. The tem-
perature at which simulations are run is a little above the melting
temperature of the most refractory element, to avoid any solidification
complications. For this reason, the temperatures we have considered for
Ir, Os, Re and W alloys are 2750, 3300, 3500 and 3700 K, respectively.
As the ensemble considered was the NVT, we adjusted the volume so
that the pressure oscillated around a mean value of between —2 and
2 kbar, which enables us to neglect the pV term. Once the volume
has been adjusted, the simulation time is at least 10 ps to extract the
thermodynamic quantities. In cases where the system is not sufficiently
converged, a longer time is taken to ensure that it is suitably relaxed.
Particular care is taken to ensure that simulations are in the liquid
state, by analyzing structural indicators and the partial pair correlation
function. This procedure has been applied to all systems in Table 1 to
obtain the resulting enthalpy of mixing in the liquid.
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Appendix A. Supplementary data

Supplementary material related to this article can be found online
at https://doi.org/10.1016/j.commatsci.2026.114568.

Data availability

Our dataset is available in an open-access data repository [33]. This
repository also includes predictions of the enthalpy of mixing from our
machine learning model for all the 2415 binary liquids shown in Fig.
1. These predictions are given as Redlich-Kister polynomials following
the same fitting procedure as Ref. [12] so that they can be readily used
in Calphad assessments or extrapolation models for multicomponent
liquids.
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