
Applied Physics A         (2026) 132:744 
https://doi.org/10.1007/s00339-026-09913-4

	 Harikrishna Sahu
harikrishnasahu89@gmail.com

1	 School of Materials Science and Engineering, Georgia 
Institute of Technology, Atlanta, GA 30332, USA

2	 Laboratory of Computational Chemistry and Biochemistry, 
Institute of Chemical Sciences and Engineering, Swiss 
Federal Institute of Technology (EPFL), Lausanne, 
Switzerland

Abstract
Superhard materials are critical for wear-resistant and high-stress applications. Conventional approaches correlating hard-
ness with elastic moduli derived from DFT calculations enable rapid screening but overlook the strong load dependence 
of hardness. In this work, machine learning (ML) models were developed using a large, curated dataset of load-dependent 
experimental Vickers hardness (Hv) measurements. Moderate correlation was observed between experimental and DFT-
based Hv values, whereas a single-task ML model trained solely on experimental data outperformed multi-task models 
that combined experimental and computed data. The superior performance of the single-task model highlights that explicit 
inclusion of indentation load, along with compositional, electronic, and structural descriptors, is essential and sufficient 
for accurate hardness prediction, beyond what can be achieved using DFT-accessible bulk and shear moduli alone (or in 
tandem with experimental data). Specifically, the single-task Gaussian Process Regression (GPR) yields a train-test root 
mean squared error (RMSE) in a range of 2.73-2.90/3.16-3.91 GPa and R2 in a range of 0.96-0.95/0.94-0.91 across five 
random splits of train and test sets. These results emphasize the importance of high-quality experimental data and explicit 
inclusion of measurement conditions, particularly load, in the development of reliable hardness prediction models.
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elastic moduli enable high-throughput screening but rely 
on simplified assumptions that often fail under real condi-
tions[6–9]. Machine learning (ML) models offer a flexible 
alternative with improved accuracy, yet most treat Hv as a 
static property [10–15], neglecting the influence of applied 
load.

While a few previous studies have incorporated load as 
an input parameter in machine learning models for hard-
ness prediction and developed screening frameworks [16], 
the size and diversity of the dataset remain critical factors 
in assessing the applicability and reliability of such mod-
els. In order to ensure statistical robustness, it is impor-
tant to utilize datasets that span a broad range of material 
compositions. Additionally, prediction-specific uncertainty 
quantification is particularly important for experimentally 
measured properties such as hardness, where variability 
arising from measurement conditions (such as load) can 
significantly influence reported values. In this context, 
probabilistic learning frameworks such as Gaussian Pro-
cess Regression (GPR) provide reliable confidence estima-
tion through principled uncertainty quantification. Another 

1  Introduction

Hardness is a key mechanical property that underpins tech-
nologies ranging from cutting tools and abrasives to protec-
tive coatings and structural components [1, 2]. Superhard 
materials, typically defined by Vickers hardness (Hv) above 
40 GPa, [3–5] are essential for extreme environments where 
resistance to plastic deformation is critical. The experimen-
tal discovery of such materials is labor-intensive, which 
motivates the development of predictive models. Semiem-
pirical approaches that estimate Hv from DFT-calculated 
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important objective is to understand whether commonly 
used DFT-based hardness proxies meaningfully improve 
model performance or introduce bias when combined with 
experimental data. Furthermore, empirical hardness models 
derived from elastic moduli are themselves subject to inher-
ent physical limitations. In this context, a multitask learn-
ing framework is a useful approach to assess the relative 
contribution of these proxies and to identify which, if any, 
offer closer agreement with experimentally measured hard-
ness or add predictive value to the model. While hardness 
is a central metric for wear-resistant and structural appli-
cations, in advanced alloy designs such as Multi-Principal 
Element Alloys (MPEAs), it cannot be evaluated as an 
isolated property. Optimizing mechanical performance 
frequently requires balancing a well-documented trade-off 
between strength or hardness and ductility or elongation. 
Recent high-throughput and machine-learning frameworks 
have emphasized synergy-driven design strategies to simul-
taneously optimize these complementary properties. While 
the primary scope of this study focuses explicitly on cap-
turing and predicting the experimentally measured, load-
dependent Vickers hardness (Hv) response across diverse 
chemical spaces rather than multi-objective property opti-
mization, acknowledging these co-dependent structural vec-
tors remains critical for downstream material selection.

Here, we present a systematic evaluation of single-task 
versus multitask learning frameworks by explicitly includ-
ing load as an input descriptor, allowing the model to cap-
ture its well-known dependence on hardness. Using a large 
experimental dataset spanning diverse crystal systems, com-
positions, and applied loads, we compared single-task (ST) 
and multi-task (MT) machine learning models built from 
purely experimental data and those incorporating DFT-
based proxies to evaluate predictive performance. Notably, 
ST models trained solely on experimental data outperform 
all others, underscoring the limitations of DFT-based prox-
ies in capturing hardness physics.

2  Methodology

2.1  Dataset curation and target space

The curated training database aggregates experimental 
Vickers hardness (Hv) values across wide compositional 
and structural domains. Crucially, to model the intrinsic 
physical phenomenon of the indentation size effect wherein 
the measured material hardness exhibits a non-linear depen-
dence on the applied force, the exact experimental inden-
tation load associated with each literature data point was 
integrated as an explicit descriptor alongside the chemical 
features.

To develop a reliable, load-dependent hardness prediction 
framework, a comprehensive dataset of experimental Hv 
measurements was curated, primarily from Refs. [16–18]. 
After removing duplicates with identical compositions and 
loads, the final dataset comprised 2,480 unique records cov-
ering 69 unique elements (the top 20 most frequent elements 
are shown in Fig. S1(a)) with compositions containing up to 
six elements (ternary: 1209, binary: 742, quaternary: 428, 
5+ elements: 97 and unary: 4 as shown in Fig. S1(b)) and 
a total of 514 distinct chemical systems. The distribution of 
data across applied loads is depicted in Fig. 1(a). As shown, 
the measurements extend beyond 50 N, with 0-2 N (1,646 
points), 2-4 N (364), 4-10 N (444), 10-50 N (24), and >50 N 
(2), representing a realistic range of indentation conditions 
for model training and validation.

2.2  Feature space

To map complex chemical information into a feature space, 
each material configuration is encoded using an array of 60 
core compositional descriptors, generated using pymatgen 
[19]. This feature space adopts the mathematical formula-
tions described in our previous study on superhard B-C-O 
systems [15]. For instance, descriptors such as the average 
number of valence electrons act as proxies for localized 
covalent bond densities and stability, and compositional or 
structural factors such as atomic-size mismatches and elec-
tronegativity differences capture lattice distortion effects and 
ionic bonding configurations, which directly govern resis-
tance to plastic deformation. It is important to note that mac-
roscopic hardness is strongly influenced by microstructural 
characteristics and processing parameters, such as fabrica-
tion route, grain size, porosity, and specific heat treatment 
profiles. Due to the heterogeneous nature of the reported 
experimental literature, standardized records of these pro-
cessing pathways are largely absent from legacy datasets. 
Consequently, our descriptors focus primarily on robust 
compositional, electronic, and baseline structural proper-
ties. As highly curated, processing-aware material databases 
evolve, incorporating manufacturing-route descriptors will 
mark a vital step toward coupling intrinsic chemistry with 
extrinsic microstructural features in ML models.

2.3  Machine learning model architecture

Model development and training were performed using the 
Polymerize platform [20], and Gaussian Process Regres-
sion (GPR) was selected as the machine learning architec-
ture. GPR is particularly well-suited for materials science 
datasets because it can efficiently capture highly complex, 
non-linear relationships in moderately sized tabular datasets 
without requiring the large volumes of data typically needed 
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by deep neural networks. Furthermore, GPR operates as a 
probabilistic learning framework, producing predictions as 
posterior distributions. This inherently provides a predic-
tive standard deviation alongside each hardness prediction, 
enabling the direct extraction of mathematically rigorous 
95% confidence intervals (prediction error bounds) for all 
datapoints.

3  Results

To establish a baseline for evaluating ML performance 
and integrate the computed data into MT learning, several 
widely used semiempirical models were examined that esti-
mate Hv from DFT-calculated elastic moduli. Specifically, 
five models proposed by Tian [8], Chen [21], Jiang [22], and 
Teter [23] were considered:

H1
v = 0.92(G/B)1.137G0.708� (1)

H2
v = 2(G3/B2)0.585 − 3� (2)

H3
v = 0.0963B� (3)

H4
v = 0.1475G� (4)

H5
v = 0.1769G − 2.899� (5)

These five equations, referred to as Models 1–5 throughout 
the manuscript, relate Hv to the bulk modulus (B) and shear 
modulus (G), which represent resistance to volumetric and 
shear deformation, respectively. Using both in-house DFT 
calculations and data retrieved from the Materials Project 
[14, 24, 25], a dataset of 10,448 compositions was com-
piled, each assigned a nominal load of 0 N to reflect their 
theoretical nature.

Notably, 350 compositions overlap between the experi-
mental and DFT-derived datasets, enabling direct com-
parison between measured and computed Hv values for 
model benchmarking. Scatter plots comparing experimen-
tal and predicted Hv obtained from the five semiempirical 
models, along with the corresponding Pearson correlation 
coefficients(r), are shown in Fig. 1(b). To ensure a mean-
ingful comparison, the experimental data were restricted 
to measurements obtained under low indentation loads 
(typically ≤ 10 N), where plastic deformation more closely 
reflects the idealized conditions assumed in theoretical mod-
els [26–28]. The correlation between empirical predictions 

Fig. 1  Hardness data showing (a) the distribution of experimental hardness values with respect to applied load and (b) the correlation between 
experimental and theoretically calculated hardness obtained using different approaches
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and experimental Hv ranged from 0.59 to 0.72 across the 
models. This moderate agreement highlights two funda-
mental limitations: (i) the static formulation of these mod-
els, which neglects the strong load dependence of hardness, 
and (ii) their inherent simplifying assumptions of isotropy, 
defect-free structures, and the absence of microstructural 
effects. To further examine load effects, we analyzed the 
variation of experimental Hv with applied load for repre-
sentative materials (Fig. 1(a)). The results reveal that Hv can 
change by more than a factor of two with increasing load-
behavior not captured by any empirical model, underscoring 
the need for predictive frameworks that explicitly learn and 
account for load-dependent effects.

To address the limitations of empirical approaches, a 
series of ML models was developed to establish a standard-
ized modeling framework and evaluate the effect of dataset 
expansion and diversification on predictive performance. 
In total, six models were constructed: a ST model trained 
exclusively on experimental data, and five MT models that 
combine experimental data with computed hardness values 
obtained from the five semiempirical formulations given in 
(1)–(5).

For feature generation, 60 compositional, electronic, and 
structural descriptors were computed based on the elemental 
composition of each compound. These descriptors include 
atomic number, mass, electronegativity, atomic radius, s- 
and p-orbital electron counts, and periodic table coordinates. 
Statistical measures such as mean, range, and weighted 
averages were applied to encode compositional complex-
ity into the model space. In addition to these descriptors, 
the indentation load was explicitly incorporated as an input 
feature in all models to capture its critical influence on Hv. 
By embedding indentation load directly into the descriptor 
space, the model will be able to capture the transition from 
ideal elastic response at low or zero loads to deformation at 
higher loads, regimes that are generally averaged in elastic-
modulus based empirical approaches. All ML models were 
developed using Gaussian Process Regression (GPR) train-
ing algorithm implemented in PolymRize™ platform [20], 
an advanced framework for rapid model development and 
evaluation. Each model was trained with 5-fold cross-vali-
dation (CV) and multiple random train–test splits to ensure 
statistical robustness, and performance was assessed using 
the root mean square error (RMSE) and coefficient of deter-
mination (R2).

Figure 2 summarizes the performance of the developed 
GPR model using only the experimental dataset. The learn-
ing curves in Fig. 2(a) show the average RMSE for the 
CV-train, CV-test, and independent test sets as a function 
of training set size. As expected, the RMSE values for both 

CV-test and test sets decrease with increasing training data, 
indicating improved generalization with larger datasets. 
Figure 2(b) presents the average RMSE from five differ-
ent random splits, with error bars representing the standard 
deviation, while Fig. S2 shows the corresponding R2. The 
mean RMSE values for the CV-test and test sets are 4.03 
and 3.49 MPa, respectively, with corresponding R2 values 
of 0.91 and 0.93. A representative parity plot for the train 
and test sets is shown in Fig. 2(c), and parity plots for all 
five random splits are provided in Fig. S2.

The performance of the five MT GPR models, which 
combine experimental data with computed hardness values 
obtained from the five semiempirical approaches, is shown 
in Fig. S3. As observed, the MT models incorporating com-
puted data from the Chen and Tian formulations performed 
worse than the ST model, while the remaining three exhib-
ited comparable RMSEs but lower R2 values. These results 
indicate that incorporating empirically calculated Hv values 
does not improve predictive performance for the materials 
considered. The absence of load dependence in the semiem-
pirical Hv values, along with their reliance on bulk and shear 
moduli, likely limits their physical relevance, yielding little 
to no improvement in MT learning performance. Several 
earlier ML models trained on hardness values derived from 
empirical correlations with DFT-calculated elastic moduli 
have exhibited consistently poorer performance relative to 
the ST model presented here [10, 11, 13–15]. To show how 
our input parameters relate to each other and to the mate-
rial hardness, we performed a simple Pearson correlation 
analysis. Figure S4 (a) shows the top 10 features that have 
the highest correlation to hardness. Red bars show features 
that increase hardness when their values go up, while blue 
bars show features that have an inverse effect on hardness. 
Figure S4 (b) displays the cross-correlation among these 
10 features, with some blocks showing strong correlation. 
Typically, an atom’s weight, atomic number, and size are 
all physically related by the laws of the periodic table. We 
clarify that we purposely chose to keep all 60 compositional 
features and the load to develop the model to ensure inclu-
sivity of all subtle but vital physical properties the model 
needs to learn to be robust. While high correlation can 
sometimes make it tricky for the model to rank individual 
feature importance, it does not affect the model’s actual 
prediction accuracy or its ability to predict the hardness of 
entirely new, unseen materials. We note that the model is not 
expected to work well with extrapolation to loads or mate-
rial chemistries outside the training domain, and the predic-
tive performance may vary for materials with limited load 
coverage in the dataset or those exhibiting atypical or non-
linear deformation behavior.
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4  Conclusion

In this study, single-task and multi-task GPR models 
were developed to predict Vickers hardness (Hv) across 
a wide range of materials and indentation loads. The sin-
gle-task model trained exclusively on experimental data 
achieved excellent predictive performance, with RMSE 
and R2 values of 3.49 MPa and 0.93, respectively. In con-
trast, multi-task models that incorporated computed Hv 
values from five semiempirical approaches alongside the 
experimental data showed no improvement and, in some 
cases, performed worse. These findings demonstrate that 
elastic moduli alone are insufficient for accurate hardness 
prediction, highlighting the importance of high-quality, 
load-dependent experimental data, along with composi-
tional, electronic, and structural descriptors, for develop-
ing reliable and physically meaningful hardness prediction 
models.
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provides detailed performance analyses of the single-task 
GPR model trained solely on experimental data and the 
multitask models that integrate experimental and theoretical 
hardness data. The experimental hardness dataset, computa-
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using five semiempirical models are available on GitHub at 
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Fig. 2  Performance of the single-task GPR model. (a) Learning curve 
showing RMSE (GPa) for cross-validation (CV)-train, CV-test, and 
independent test sets with increasing training-set size. (b) Average 
RMSEs with standard deviations over five random splits for CV-train, 
CV-test, train, and independent test sets. (c) Representative parity plot 
comparing predicted and actual hardness values for one split
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