www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

Machine learning for improved
density functional theory
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Sergei |. Simak%2"*?, Erna K. Delczeg-Czirjak?> & Olle Eriksson?3

The predictive accuracy of density functional theory (DFT) for alloy formation enthalpies is often
limited by intrinsic energy resolution errors, particularly in ternary phase stability calculations. In
this work, we present a machine learning (ML) approach to systematically correct these errors,
improving the reliability of first-principles predictions. A neural network model has been trained to
predict the discrepancy between DFT-calculated and experimentally measured enthalpies for binary
and ternary alloys and compounds. The model utilizes a structured feature set comprising elemental
concentrations, atomic numbers, and interaction terms to capture key chemical and structural
effects. By applying supervised learning and rigorous data curation we ensure a robust and physically
meaningful correction. The model is implemented as a multi-layer perceptron (MLP) regressor with
three hidden layers, optimized through leave-one-out cross-validation (LOOCV) and k-fold cross-
validation to prevent overfitting. We illustrate the effectiveness of this method by applying it to the
Al-Ni-Pd and Al-Ni-Ti systems, which are of interest for high-temperature applications in aerospace
and protective coatings.

The ability to make reliable predictions of material properties using fast and accurate theoretical methods is
highly desirable and is one of the main reasons for the widespread use of density functional theory (DFT)".
In several studies, experimental investigations have followed theoretical predictions of functional material
properties, often resulting in joint publications. There are numerous notable successes where theoretical
predictions preceded experimental verification.

A well-known example is the linear band dispersion of graphene, which was calculated using electronic
structure theory? before being confirmed by angle-resolved photoemission spectroscopy (ARPES) experiments®.
Another example is the tunneling magnetoresistance (TMR) device, widely used in magnetic field sensor
applications, which was predicted using first-principles electronic structure calculations* before its experimental
realization®.

Although several reviews® have outlined in detail how density functional theory (DFT)-based calculations
can accurately reproduce equilibrium volumes, elastic constants, structural stability, phonon frequencies, and
magnetic properties of many materials, there are still important areas of materials science where DFT has not yet
reached its full predictive potential. This limitation arises from the inherent accuracy of the energy functionals
used in these calculations, which lack the necessary energy resolution.

One of the most significant challenges in this context is the ability of theoretical methods to predict the phase
stability of compounds and alloys, particularly in the case of ternary phase diagrams, i.e., systems involving three
elements. A schematic phase diagram is shown in Fig. 1, where the symbols A, B, and C represent elements (or
compounds) that form competing phases depending on concentration. The landscape of the heat of formation
determines which phase should be stable (denoted as ¢, 3, 7, and ¢ in Fig. 1).

Experimentally, such phase diagrams are published for most materials, although for some systems they may be
incomplete. These diagrams serve as essential tools for identifying functional materials and understanding their
physical and chemical properties. However, the direct application of DFT to predict complete phase diagrams, or
even to reproduce known ones, is hindered by the intrinsic errors in DFT-calculated energies Despite its many
successes, DFT has historically struggled to achieve quantitative accuracy in predicting formation enthalpies and
phase diagrams, particularly when compared with experimental thermochemical data. This shortcoming stems
from the limitations of commonly used exchange-correlation functionals, which can introduce systematic errors
in total energy calculations. These errors, while often negligible in relative comparisons of similar structures,
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Heat of Formation

Fig. 1. A schematic illustration of the energy landscape of the heat of formation for a ternary system
composed of elements (or compounds) A, B, and C. Due to the peaks and valleys in the heat of formation
landscape, the phases ¢, 8, v, and § are formed.

become critical when assessing the absolute stability of competing phases in complex alloys. As a result, direct
predictions of phase diagrams using uncorrected DFT are often unreliable, especially in ternary systems. These
challenges underscore the need for enhanced methodologies that can correct or compensate for DFT’s intrinsic
energy inaccuracies, providing the key motivation for exploring data-driven corrections using machine learning
in this work.

Here, we illustrate this issue through a detailed investigation of two ternary phase diagrams: Al-Ni-Pd
and AI-Ni-Ti. These systems are frequently studied for their potential to enhance the protective properties of
nickel aluminides in high-temperature applications. Nickel aluminides serve as protective coatings against high-
temperature oxidation and hot corrosion’® in nickel-based superalloys used for aircraft engine turbine blades.
Additionally, palladium-modified aluminide coatings function as bond coatings for thermal barrier systems,
offering improved resistance to oxidation and hot corrosion®!?. Ti-Al and Ti-Ni-Al alloys are also actively
researched for aerospace applications due to their high strength, low density, and corrosion resistance at elevated
operating temperatures!!~1,

We outline an approach of reducing the error in density functional theory (DFT) for phase stability
calculations. A simple linear correction, based on known enthalpy differences between DFT-calculated and
experimentally measured values, provides a visible yet limited improvement. By applying machine learning
techniques, specifically neural networks with supervised training, the predictive accuracy is significantly
enhanced, enabling a more reliable determination of phase stability.

Our goal in this study is not to perform high-throughput calculations on thousands of materials with known
experimental formation enthalpies to develop a universally applicable error correction model. Instead, we focus
on demonstrating how such a model can be constructed and validating its predictive capability, even with a
limited training dataset. This approach highlights the potential of machine learning for improving phase stability
predictions while maintaining computational efficiency. We note that traditional thermodynamic modeling
methods such as CALYPSO! and CASM!® have played an important role in exploring phase stability and
configurational thermodynamics through systematic DFT calculations and symmetry-based cluster expansions.
These approaches offer a rigorous framework for predicting stable phases but can be computationally demanding
due to the need for extensive DFT sampling. In contrast, our machine learning approach makes use of physically
meaningful structural descriptors and regression techniques to learn enthalpy trends directly from a limited
dataset. This allows for significant computational savings while maintaining predictive accuracy. We view ML-
based corrections as complementary to these conventional methods, offering an efficient pathway to enhance
DFT predictions, particularly when high-quality reference data are available.

Theoretical tools

Enthalpy of formation

Though it is straightforward to calculate phase equilibria at given external conditions (temperature and pressure)
through Gibbs or Helmholtz free energy calculations, such calculations can be complex and time-consuming
at high temperatures due to contributions from phonons, anharmonic atomic vibrations, and other effects.
Additionally, treating phonons in alloys requires a sophisticated approach. Therefore, in this paper, we focus on
the ambient-temperature regions of phase diagrams, which requires only fast calculations without treatment of
phonons (or magnons) that typically are done at 0 K.

To determine phase stability at ambient conditions, one needs the total energy of a specific phase as well as
all competing phases that may form. We consider the simplest case prone to DFT errors relative to experimental
values-namely, the enthalpy of formation (H ¢) of each material. This enthalpy is determined from the DFT total
energy relative to the most stable elemental structures as follows:
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Hf(AIABmBCIc ) = H(AIABIBCIC ) - xAH(A) - xBH(B) - $cH(C) - (1)

where H(Az, Bz Cz,,) is the enthalpy per atom of the intermetallic compound or alloy, and H(A), H(B),
and H(C) are the enthalpies per atom of the elements A, B and C in their ground-state structures. In this work
we consider systems with maximum three elements, with A, B and C to be among the Al, Ni, Ti, and Pd. The
ground-state structures of these elements are fcc-Al, fcc-Ni, fcc-Pd, and hep-Ti, where fcc stands for face-
centered cubic and hcp stands for hexagonal close-packed. Furthermore, x4, 5, and xtc =1 — x4 — zp are
the concentration of elements A, B, and C, respectively. When compared to experimental values of the enthalpy
of formation, the error inherent in DFT based calculations of H  is unfortunately too large to enable a predictive
capability to determine the relative stability of competing phases. It is the purpose of this work to outline a way
to reduce this error.

Total energy calculations

Total energies based on DFT are calculated using the exact muffin-tin orbital (EMTO) method'®!” in
combination with the full charge density technique'® at zero temperature and pressure and without zero-point
motion. The chemical disorder is treated within the coherent potential approximation (CPA)!*?° (EMTO-
CPA?). The electrostatic correction to the single-site CPA is considered as implemented in the Lyngby version
of the EMTO code??. For details, the reader is referred to Refs?>.. The one-electron Kohn-Sham equations are
solved within the soft-core and scalar-relativistic approximations, with lmax = 3 for partial waves and lmax = 5
for their “tails”. The Green’s function is calculated for 16 complex energy points distributed exponentially on
a semi-circular contour including states within 1 Ry below the Fermi level. The exchange-correlation effects
are described within the Perdew-Burke-Ernzerhof? version of the generalized gradient approximation. The
0 K theoretical equilibrium lattice parameter for each system is determined from a Morse type of equation of
state?® fitted to the ab initio total energies of the experimentally reported structures for five different atomic
volumes. The heat of formation is calculated at the theoretical equilibrium volume of all systems used in Eq. 1.
To ensure the convergence of total energy and volume calculations, the Monkhorst-Pack k-point mesh?” is set to
17 x 17 x 17 within the irreducible wedge of the Brillouin zone for the cubic systems. For non-cubic structures,
the k-point mesh is scaled according to the b/a and c/a ratios.

Machine learning

To improve the accuracy of first-principles calculations for a multicomponent compound or alloy formation
enthalpies, we have developed a simple linear and a more involved neural network model, that are used here to
predict the errors between computed and experimental enthalpies of formation for binary and ternary alloys.
Each material is characterized using a structured set of input features, including elemental concentrations, atomic
numbers, and interaction terms. A training dataset of reliable experimental values of the enthalphy of formation
is initially filtered to exclude missing or unreliable enthalpy values, ensuring that only well-defined data points
are used for training of the neural network. The input features are also normalized to prevent variations in scale
from affecting model performance. The details of this are outlined below.

For a given material composed of elements A, B, C, . . ., the elemental concentration vector is defined as:

X:[.’KA,(L‘B,$C7---] (2)

where x; represents the atomic fraction of element ¢. Additionally, atomic numbers are incorporated as weighted
features:

z=[raZa, 257, xcZC,). ] 3)

where Z; is the atomic number of element 4. To capture interatomic effects, second-order (pairwise) and third-
order (triplet) interaction terms are introduced:

Tij = Tilj, Tijk = TiXjTk (4)

for all unique pairs and triplets of elements. The final feature set consists of the original concentrations, weighted
atomic numbers, and interaction terms:

X = [JZA,l'B,xc, .. .,xAZA,xBZB,chc,A ..y LAB,TAC,XBC,y---yXLABC,XABD, - - ] (5)

The error inherent in DFT calculations (that has its origin from the approximation used for the exchange and
correlation functional) can be quantified as the difference between the experimental and theoretical determined
enthalpy of formation. Hence, we introduce the term Hcorr as

Hcorr = HDFT - Hexph (6)

and we strive here to use machine learning algorithms to make good estimates of Hco,r when experimental data
(Hexpt) are missing. For a simple linear model, the predicted enthalpy correction Hcorr is obtained as a linear
combination of the features X and the model parameters 6, which include the weight coefficients w; and the bias
term b, extracted via a standard least-squares fit:
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Hoorr = b+ wiza + woxp + wsze + -+ ,wa(xaZa) + ws(zpZp) + ws(zcZc) )
+ -, wr¥AB + WsTAC + WoTBC + -+, W10ZABC + W11ZABD + +++
This can be expressed more compactly in matrix notation:
Heorr = W' X+ (8)

where w is the vector of weight coefficients, X is the vector of input features, b is the bias term. Results from this
simplistic approach to estimating Hcorr are analyzed below and compared to data obtained from more advanced
ML algorithms that undergo supervised training. The details of one such ML method are described below.

A neural network model has been implemented as a multi-layer perceptron (MLP) regressor with three
hidden layers containing up to 250, 150, and 100 neurons, respectively. The predicted enthalpy correction, H.q..»
as defined in Eq. 6, is obtained as:

Heorr = f(X7 0)7 (9)

where f represents the neural network function with learnable network parameters . We investigate here if a
neural network can result in values of Hcor: as given by Eq. 9 that capture the values given in Eq. 6, and if such
a neural network can make accurate predictions of Hcorr When experimental data are missing. The total DFT
corrected enthalpy is given by

Hpred = Hprr — Hcorr, (10)

where Hprr is the enthalpy from DFT calculations. As is demonstrated below, a neural network that is trained
for certain concentrations of a ternary system where Hexpt is known, can give reliable values for Hy,req even for
concentrations where Hexpt is missing.

Overfitting in the training steps has been controlled through several strategies: 1. Leave-one-out cross-
validation (LOOCV) that ensures that each data point is tested individually, preventing memorization of
training data; 2. Feature selection that ensures avoidance redundant descriptors; and 3. Early stopping that
prevents excessive weight updates once validation performance stabilizes, avoiding unnecessary complexity.
Although feature selection was not performed through explicit statistical filtering methods such as variance
thresholding, mutual information ranking, or regularization-based elimination, the neural network architecture
(MLPRegressor) performs implicit feature selection during training. Features that contribute less to reducing
the loss function naturally receive lower weights through internal weight optimization. Furthermore, the set of
features used in this study is physically motivated, based on stoichiometric descriptors and elemental properties
such as atomic number. This compact and meaningful feature design further enhances interpretability.

The model’s predictive performance has been evaluated using the root-mean-square error (RMSE) across
both LOOCV and k-fold cross-validation (in this work we used five folds). The final trained model, along
with feature scaling parameters, has been saved for future predictions. This approach enhances the accuracy of
computed formation enthalpies while maintaining interpretability in terms of elemental interactions, providing
a physics-informed correction to DFT calculations for alloy thermodynamics.

Results and discussion

We have performed DFT calculations, as described above, for all the known enthalpies of formation of the two
ternary phase diagrams, for Al-Ni-Pd and Al-Ni-Ti, at ambient conditions, resulting in a total of 34 systems.
These systems were randomly divided into a ML training set, with approximately 3/4 of the data used for model
training, and a test set, consisting of about 1/4 of the data. The latter data were used for assessing the ability of
the trained neural network to make accurate predictions of H.,,, as will be discussed below.

Figure 2 illustrates the performance of the linear regression model, and how it reproduces the values of H,,»
as defined in Eq. 6. The compounds and alloys are grouped by their respective training and prediction sets, with
each set further grouped according to their average valence electron count.

While the linear model captures some of the systematic errors present in the raw data, its overall performance
remains limited. A key observation from Fig. 2 is the significant dispersion of Hcorr from Eq. 6, with no clear
trend linking them to elemental composition or electron count. This suggests that even with the inclusion of
cross-terms and higher-order interactions (such as z42xp and zaxpxc), the linear model struggles to fully
describe the complex energy corrections required to align the DFT results with experimental values.

Despite its relatively simple structure, the linear model does provide partial improvements in some cases, but
its effectiveness varies considerably across different materials. Certain structures exhibit moderate reductions
in error, while others remain largely unaffected. The lack of a systematic pattern in these results highlights
the non-trivial nature of the underlying enthalpy corrections-suggesting that while some deviations may be
approximated by a combination of concentration and atomic number terms, many others arise from interactions
that are not easily captured in a linear framework. This is particularly evident for materials where the error
remains large despite the inclusion of all terms in Eq.7, indicating that important nonlinear effects are still
missing. The error of the training set is on the order of 25 meV/atom, while that of the test set is on the order
of 31 meV/atom. These numbers should be compared to typical experimental error bars, as even for high-
quality calorimetric measurements of alloys, the precision can be on the order of kJ/mol, which corresponds to
approximately 17 meV/atom?:.
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Fig. 2. Values of Hcorr obtained from Eq. 6 (red squares and green triangles) and from Eq. 7, the linear model
discussed in the text (blue dots), for all systems investigated in this study. The compounds are listed according
to number of valence electrons (number given in parenthesis to the right of each chemical formula). The red
squares have been used in the training set and the green triangles are used in the test set. The resulting RMSE
for all the systems in the figure (both from the training set and not) is 28.7 meV/atom. Separated RMSEs for
the training and prediction sets are 24.9 meV/atom and 31.4 meV/atom, respectively.
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Fig. 3. Convergence of RMSE on the prediction set with the number of systems in the training set.

Next, we discuss the results of the neural network model and how training of such a network significantly
improves the accuracy of Heorr from Eq. 9. To ensure the reliability of our network model, we systematically
examined the convergence of the model by incrementally increasing the number of systems in the training set,
starting from as few as five structures. The RMSE of LOOCYV initially rises, reaching a peak of approximately
40 meV/atom (data not shown). This suggests that certain key structures must be included in the training set to
achieve better accuracy. Beyond this point, as additional systems are incorporated, the RMSE steadily decreases,
indicating convergence.

This trend is even more evident when evaluating the RMSE on the test (prediction) set, which is never part
of the training process. As shown in Fig. 3, a clear decrease in RMSE of this set of systems is observed as more
materials are added to the training set. With approximately 25 structures in the training set, the RMSE on the
prediction set falls down to 10 meV/atom, demonstrating a substantial improvement in predictive accuracy.
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The performance of the most accurately trained neural network to reproduce the experimental values of
Hcorr is shown in Fig. 4. Here we compare Hcorr from Egs. 6 and 9, both for data-points in the training set and
outside of it.

As seen, this model provides a more flexible and expressive correction, significantly reducing the difference
between Hcor: obtained from Egs. 6 and 9. This improvement in capturing the true values of Heor: ( Eq. 6) reflects
the model’s superior ability to capture the complex relationship between elemental composition and enthalpy
deviations. The error in DFT formation enthalpies is inherently structured but highly non-trivial, requiring a
model capable of learning intricate dependencies beyond simple interaction terms. The neural network excels in
this aspect, successfully identifying patterns that the linear model (Fig. 2) struggles to represent.

The ability of the neural network to predict values of Hcorr for data points outside the training set is
particularly demonstrated in Fig. 4. Note that we compare values of Hcorr obtained from Eq. 9 for systems
outside the training set (blue dots) to exact values obtained from Eq. 6 (green triangles). The good agreement
between the two sets of data points shows that the neural network considered here can accurately estimate how
DFT-based calculations should be corrected to obtain an accurate enthalpy of formation, even for systems where
no experimental data is available. To be more quantitative, we note that the RMSE of the difference between
Heorr from experimental and neural network-generated data (Eqs. 6 and 10, respectively) is 2.7 meV/atom
for the training set. The corresponding value for the test set is 10.6 meV/atom. This demonstrates that for the
considered test set of systems, DFT-calculated heat of formation values (which we estimate to have an RMSE
of approximately 41 meV/atom) can be significantly improved using the approach presented here, reducing the
RMSE to approximately 10 meV/atom without relying on any experimental input.

A direct comparison of the two approaches analyzed in this paper is shown in Fig. 5, which highlights the
difference between experimental data and the DFT corrected values of H, as obtained from the linear and neural
network models. Nearly all points of the ML model exhibit a reduction in error compared to the linear model,
confirming that the machine learning approach better captures the errors of the DFT calculations. The largest
improvements occur in compositions where the linear model performed particularly poorly, reinforcing the
idea that these deviations arise from multi-body interactions and electronic effects that cannot be approximated
through additive corrections alone. However, it is also noteworthy that certain structures still show non-negligible
residual errors, even with the neural network model. This suggests that additional factors-such as temperature-
dependent phase behavior, local electronic configurations, or unaccounted-for experimental uncertainties may
contribute to the remaining discrepancies. For completeness, we list in Table 1 of the Appendix all experimental
values of the heat of formation used in this investigation, together with the predicted values using Egs. 9 and 10.
The table also shows the difference between predicted and measured values of the heat for formation together
with the difference between DFT calculated results and experimental data.

In summary, while the linear model offers some level of correction, its predictive power is ultimately
constrained by its functional form. Even with interaction terms such as xaxp and zazpxc, it cannot fully
account for the intricate relationships governing enthalpy corrections. The neural network, in contrast,
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Fig. 4. Values of Hcorr obtained from Eq. 6 (red squares and green triangles) and from Eq. 7, the trained
neural network (blue dots), for all systems investigated in this study. The compounds are listed according to
number of valence electrons (number given in parenthesis to the right of each chemical formula). The red
squares have been used in the training set and the green triangles are used in the test set. The resulting RMSE
for all the systems in the figure (both from the training set and not) is 5.5 meV/atom. Separated RMSEs for the
training and prediction sets are 2.7 meV/atom and 10.6 meV/atom, respectively.
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Fig. 5. Difference between experimental heat of formation and the values obtained by correcting DFT data
with the linear model (Eq. 10, see text) using the linear model (Eq. 7, data points as red squares) and the neural
network (Eq. 9, data points as blue dots).

demonstrates a much greater ability to capture these relationships, leading to a substantial improvement in
predictive accuracy.

We also observe that larger errors often signal potential issues with experimental measurements or limitations
in the initial DFT model. This is particularly evident in the Al-Ni system, where alloys with nearly identical
compositions exhibit unexpectedly large variations in their DFT-experiment discrepancies. For example,
Alo.sNio.s shows a small deviation of —2.1 meV/atom, while AloAszNioA 18 exhibits a much larger deviation of
—9.5 meV/atom, despite only a 2 at.% difference in composition. Similarly, Al .,Nij,. has a deviation of
—5.3 meV/atom, while Al . Ni, ,, returns to a much lower deviation of —0.1 meV/atom. The reason for this
fluctuation remains unclear, as one would expect a smooth variation in enthalpy differences with concentration.
These discrepancies may arise from subtle electronic structure effects, experimental uncertainties, or limitations
in the theoretical model that are not fully captured even with machine learning corrections. Whatever the
reason, the persistence of such deviations highlights the complexity of phase stability predictions and the need
for further refinement of both theoretical and experimental approaches. This underscores the necessity of
advanced modeling techniques for improving DFT-based formation enthalpies, particularly in multicomponent
systems where small energy differences dictate phase stability. The presented results demonstrate that the ML-
corrected predictions of formation enthalpy are significantly closer to experimental values, reducing the typical
DFT error by a factor of 4-5. While our current focus remains on accurate enthalpy predictions, this progress
provides a strong foundation for future work aimed at constructing reliable phase diagrams, particularly in
complex ternary systems.

We note that our current model is trained specifically on ternary metallic systems such as AlI-Ni-Pd and
Al-Ni-Ti, where DFT predictions are known to be less reliable. Within these systems, the ML corrections yield
significant improvements in predicting formation enthalpies and phase stability. While promising, we remain
cautious in extending these results too far beyond the training domain. In systems with similar chemistry or
where the DFT errors behave analogously, we expect the model to perform well. However, broader generalization,
especially to systems with different bonding characteristics or electronic structures, remains an open question
that requires further validation.

Conclusion

In this work, we have investigated a machine learning-based approach and its ability to enhance the accuracy
of density functional theory (DFT) calculations for alloy formation enthalpies, particularly in ternary phase
stability calculations. By utilizing a neural network model trained to predict the discrepancies between DFT-
calculated and experimentally measured enthalpies of formation, we have significantly reduced the intrinsic
energy error of DFT based calculations, an error that is the key limiting factor for reliable predictions of the
phase stability of complex systems, such as binary- and ternary compounds and alloys.

The neural network model, which incorporates a structured feature set with elemental concentrations, atomic
numbers, and interaction terms, is shown here to be able to significantly reduce the error compared to a simple
linear correction model. While the linear model could capture about 25% of the error, the machine learning
approach drastically improved both the data points resulting from the training step of the study, as well as the the
predictive power when applied to a test set of systems, that were not included in the training step. The approach
suggested here hence leads to much more reliable predictions of the enthalpy of formation, which is key when
comparing the energy of competing phases and the determination of binary and ternary phase diagrams.
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When applied to the AI-Ni-Pd and Al-Ni-Ti ternary alloy systems, we observed that the machine learning
model not only reduced the root-mean-square error (RMSE) of theory, but also revealed that larger errors in
some cases were indicative of potential issues with experimental measurements or the initial model. This was
particularly evident in alloys with similar concentrations, where discrepancies between DFT and experiment
were most pronounced.

Overall, the work presented here demonstrate that by integrating machine learning methods with first-
principles calculations, forming a method we refer to as as Error Corrected Density Functional Theory (EC-
DFT), one can significantly improve the accuracy of phase stability predictions, making them more reliable for
practical applications.

The methodology presented here provides a scalable and transferable framework for enhancing the predictive
power of DFT while maintaining interpretability in terms of elemental interactions. Although we do not
construct full phase diagrams in this work, the demonstrated improvement in formation enthalpy predictions is
a critical prerequisite for such efforts. Once the correction scheme is validated across a broader range of ternary
metallic systems, we anticipate that it will enable meaningful comparisons with experimental phase diagrams.
This highlights the broader potential of ML-based corrections to extend the predictive capabilities of DFT in
practical materials design.

The broader goal of this work is to contribute to the development of a general correction framework for
DFT formation enthalpies. While the present neural network is trained on a limited number of ternary metallic
systems, its use of physically meaningful features, such as stoichiometric descriptors and elemental identities,
makes it potentially extensible to new chemistries as more experimental data become available. Caution is
warranted when extrapolating beyond the current training domain, especially for materials classes with very
different DFT error characteristics. For example, applying this approach to semiconductors would likely require
a distinct training dataset, potentially independent of the formation enthalpies considered here. These directions
represent promising avenues for future research.

Data availability
Data is provided within the manuscript or supplementary information files.
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